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Abstract	
 
This	study	will	investigate	if	a	relationship	exists	between	the	price	of	electricity	and	the	

Swedish	stock	market.	This	study	will	also	try	to	investigate	what	consequences	an	increase	

in	the	price	of	electricity	will	have	on	the	return	of	the	Swedish	stock	market.	Economic	

theory	and	earlier	literature	will	then	be	used	to	try	to	explain	the	results	obtained	in	this	

study.	

	

The	 results	 from	the	 tests	performed	 in	 this	 study	 imply	 that	a	one-way	Granger-causality	

exists	between	the	prices	on	electricity	and	the	price	on	the	OMX	30.	The	impulse	response	

functions	performed	 shows	 that	 a	positive	 shock	 in	 the	price	on	electricity	will	 predict	 an	

increase	in	the	return	of	the	OMX	30	in	the	short	run.	This	effect	may	come	from	the	existence	

of	 a	 countercyclical	 risk	 premium.	 Although	 further	 research	 needs	 to	 be	 performed	 to	

conclude	that	this	is	the	true	reason	for	the	observed	result.	

 

Keywords: Electricity prices, stock prices, firm maximization, countercyclical risk premium, 

Vector autoregressive model. 
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1.	Introduction	
 
1.1	Background	

The	object	of	traders	all	over	the	world	is	to	predict	the	movement	and	return	of	the	stock	

market	to	be	able	to	benefit	from	the	movement	on	the	stock	market.	But	is	the	stock	

market	possible	to	predict?	Research	performed	in	the	early	21st	century	has	found	that	

price-based	variables	can	be	good	better	predictor	of	the	stock	market	and	sometimes	even	

a	better	predictor	than	some	quantity-based	macroeconomic	indicators	(Campbell,	2003.	

Cochrane,	2008).	This	contradicts	the	research	done	in	the	late	20th	century	since	most	

leading	asset	pricing	models	from	this	period	predicts	a	countercyclical	risk	premium	no	

matter	if	the	models	are	consumption	or	production	based	(Campbell	and	Cochrane,	1999.	

Bansal	and	Yaron,	2004.	Cochrane,	1991.	Zhang,	2005).		

	

Traditional	variables	that	are	often	used	in	business	cycle	models	are	the	growth	rate	of	

domestic	product	(GDP)	(Pena,	Restoy	and	Rodriguez	(2002)	and	in	latte	studies	the	output	

gap	(Cooper	and	Priestley,	2002),	where	the	output	gap	is	the	deviation	of	log	industrial	

production	taken	from	its	long	run	trend.	This	study	will	not	look	at	either	GDP	or	the	output	

gap	to	predict	stock	prices.	It	will	rather	look	at	a	variable	that	is	not	as	commonly	used	in	

business	cycle	models,	electricity.	Most	modern	industrial	production	processes	involve	the	

use	of	electricity	and	electricity	is	also	a	problematic	energy	source	to	store,	this	implies	that	

the	electricity	being	used,	must	be	generated	in	the	same	time	period	as	it	is	being	

consumed.		

	

Sweden	is	a	big	producer	of	electricity	and	the	majority	of	electricity	produced	in	Sweden	

comes	from	either	nuclear	power	or	hydroelectric	power.	This	has	led	to	Sweden	being	one	

of	the	lowest	CO2	polluters	among	the	countries	in	the	European	Union.	Even	though	

Sweden	has	one	of	the	highest	uses	of	energy	per	capita	(Sweden,	2018).	During	the	last	

decade	the	electricity	produced	by	“renewable	energy	resources”	has	increased	in	Sweden.	
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This	has	resulted	in	a	decreased	price	of	electricity	in	the	Swedish	electricity	market.	Can	a	

connection	be	observed	between	the	price	on	electricity	and	the	stock	market?	What	

consequences	might	the	decreased	price	on	Sweden’s	electricity	market	have	on	the	return	

of	the	stock	market?	And	has	the	increase	of	electricity	produced	by	renewable	resources	

been	beneficial	or	not	for	the	return	of	Sweden´s	stock	market?	

 

1.2	Research	question	

This	study	will	investigate	if	a	relationship	exists	between	the	price	of	electricity	and	

Sweden’s	stock	market.	This	study	will	also	try	to	investigate	how	a	change	in	the	price	of	

electricity	may	affect	the	return	on	the	stock	market	if	a	relationship	exists.	The	study	will	try	

to	explain	the	results	obtained	in	the	study	by	referring	to	economic	theory	and	earlier	

literature.	

 

1.3	Structure	of	thesis	

The	data	used	in	this	study	are	monthly	averages	over	five	variables,	three	which	according	to	

economic	theory	should	have	a	significant	effect	on	stock	prices.	These	are	used	as	“control	

variables”.		A	variable	over	the	average	monthly	spot	price	on	electricity	will	also	be	used	to	

represent	 the	 price	 on	 electricity.	 The	 variables	 are	 tested	 using	 a	 Vector	 Autoregressive	

model,	a	Granger-causality	test,	and	impulse	response	functions.	

	

The	structure	of	the	thesis	is	as	follows;	section	two	explains	the	underlying	economic	theory	

and	gives	a	brief	overview	of	earlier	literature,	section	three	describes	the	different	variables	

that	are	used	in	the	final	Vector	autoregressive	model,	section	four	goes	over	the	econometric	

procedure	 and	 methodology	 for	 the	 study,	 section	 five	 presents	 the	 results,	 section	 six	

presents	 a	 minor	 discussion	 of	 the	 drawbacks	 of	 the	 study,	 the	 results	 and	 what	 future	

research	might	 investigate,	 finally	 in	the	seventh	section	a	short	conclusion	of	 the	study	 is	

presented.	
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2.	Theoretical	framework		
 
2.1	The	stock	market	

Stock	markets	are	in	general	a	well-researched	and	discussed	research-area	in	the	world	

economy.	This	study	will	look	at	a	few	of	the	most	basic	theories	about	stock	markets	and	a	

few	variables	that	affect	the	price	on	stocks.	This	will	be	done	with	the	purpose	to	try	to	

explain	why	the	price	on	electricity	may	have	an	effect	on	a	stock	markets	return.		

	

Campbell	(2003),	Cochrane	(2008)	concludes	that	price-based	variables	are	often	a	better	

predictor	than	quantity-based	macroeconomic	variables	when	the	goal	is	to	predict	the	

return	of	the	stock	market.	This	conclusion	contradicts	the	earlier	findings	made	by	

Campbell	and	Cochrane	in	1999	where	they	state	that	expected	returns	in	theory	should	be	

linked	to	the	business	cycle.	This	result	by	Campbell	and	Cochrane	in	1999	is	not	unique	

since	almost	all	leading	asset	pricing	models	(both	production	and	consumption	based)	

predicts	a	countercyclical	premium.	

	

Commonly	used	variables	in	business	cycle	models	are	the	growth	rate	of	domestic	product	

(GDP)	and	the	output	gap.	The	output	gap	was	found	by	Cooper	and	Priestley	(2002)	and	it	is	

defined	by	the	deviation	of	the	log	industrial	production	taken	from	its	long-run	trend.	

Another	variable	that	was	found	by	Da	et	al.	in	2017	to	predict	the	return	on	the	stock	

market	is	the	growth	rate	of	the	aggregated	industrial	usage	of	electricity.	Da	et	al,	found	

that	a	high	industrial	electricity	usage	today	predicts	low	stock	returns	in	the	future,	this	is	

consistent	with	the	presence	of	a	countercyclical	risk	premium.		

	

Another	vital	attribute	that	defines	stocks	is	that	a	firm	with	a	higher	profit	generally	will	

have	a	higher	stock	price	than	a	company	with	a	lower	profit	but	with	the	same	risk.	In	the	

neo-classical	economic	theory	firms	maximize	their	profit	by	determining	the	price	on	their	

products,	the	amount	of	input	they	should	use	and	what	amount	of	output	they	should	

produce.	In	a	market,	with	perfect	competition,	the	firm	loses	the	choice	of	the	pricing	on	
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their	products	and	will	because	of	this	maximize	its	profit	by	only	choosing	the	input	and	

output	levels.		

	

There	exist	a	few	different	definitions	of	profit	maximization	but	in	this	study	it	is	assumed	

that	the	firms	want	to	maximize	Π = 𝑇𝑅 − 𝑇𝐶.	Here	the	total	cost	(TC)	can	be	divided	into	

two	subgroups,	fixed	costs	and	variable	costs.	Fixed	costs	are	costs	that	the	firm	will	always	

have,	no	matter	what	their	output	is.	Examples	of	this	are	rent,	equipment	maintenance	and	

wages	for	long-term	employees.	Variable	costs	are	costs	that	is	equal	to	zero	if	no	output	is	

produced,	and	it	increases	when	the	output	increases.	Examples	of	this	is	material	costs,	

wages	for	short-term	employees	and	the	cost	for	electricity.		

	

The	efficient	market	hypothesis	is	an	economic	theory	that	states	that	it	is	impossible	to	

beat	the	market.	The	cause	of	this	is	that	with	an	efficient	market	the	stock	prices	will	all	the	

relevant	information	in	the	market.	The	stocks	will	always	trade	on	a	”fair	value”	and	it	will	

because	of	this	be	impossible	to	find	stocks	that	are	either	undervalued	or	overvalued.	This	

implies	that	the	only	way	that	an	investor	can	obtain	higher	returns	is	by	having	riskier	

assets	in	his	portfolio	(Fama,	1970).		

	

By	combining	the	efficient	market	hypothesis	with	the	maximization	of	the	firm	it	may	be	

concluded	that	a	change	in	the	price	on	electricity	will	affect	the	profit	of	the	firm	if	the	firm	

don´t	manage	to	increase	its	total	revenue	with	the	same	amount	as	the	increased	cost	of	

electricity.	If	everything	else	is	held	constant	on	the	other	hand	the	profit	of	the	firm	will	

decrease	and	if	we	have	an	efficient	stock	market	this	information	will	affect	the	prices	on	

stocks	immediately.		

	

There	is	also	a	lot	of	variables	that	will	affect	the	price	on	stocks	that	cannot	be	controlled	by	

the	firms,	most	of	these	are	so	called	“macroeconomic”	variables.	Branson	and	Masson	

(1977)	argued	that	exchange	rates	influences	firm	that	competes	at	a	global	level	since	some	

of	the	firm’s	balance	sheet	will	be	expressed	in	a	foreign	currency,	this	will	consequently	

affect	the	firm’s	equity	and	revenue.		
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Kasman	et	al.,	(2011)	also	found	that	fluctuations	in	exchange	rates	as	well	as	in	interest	

rates	are	major	sources	of	risk	and	therefore	indirectly	affect	stock	prices.	To	investigate	the	

effect	that	interest	rates	may	have	on	stock	prices	further	one	may	refer	to	the	Euler	

equation.	This	equation	states	that	the	marginal	benefit	of	consuming	one	dollar	today	has	

to	be	equal	to	the	marginal	benefit	of	investing	one	dollar	to	consume	in	a	later	period.	This	

implies	that	it	is	the	interest	rate	that	describes	the	cost	of	investments	and	that	it	may	be	

used	to	express	the	growth	of	the	economy	(Aurangzeb	&	Asif,	2012)	and	indirectly	the	stock	

market. 

 

2.2	Electricity	prices	and	the	stock	market	

Unfortunately,	the	amount	of	literature	that	investigates	if	a	relationship	exists	between	the	

price	of	electricity	and	the	stock	market	is	non-existent.	This	study	will	therefore	look	at	

some	studies	that	have	investigated	if	a	relationship	exists	between	the	price	on	oil	and	the	

stock	market	and	try	to	draw	conclusions	from	these.	This	study	will	also	refer	to	a	study	

performed	by	Ulrich	Oberndorfer	where	Oberndorfer	investigates	what	consequences	

changes	in	the	price	of	electricity	will	have	on	the	price	of	emission	allowances.		

	

Ulrich	Oberndorfer	found	in	one	of	his	discussion	papers	from	2008	that	the	price	on	EU	

emission	allowances	had	a	significant	effect	on	the	returns	from	electricity	stocks	where	an	

increase	in	the	price	on	EU	emission	allowances	lead	to	an	increase	in	the	returns	on	the	

electricity	stocks.	From	demand	and	supply	it	can	also	be	concluded	that	a	low	price	on	

electricity	may	encourage	a	higher	consumption	of	electricity.	This	will	in	turn	result	in	

higher	CO2	emissions,	with	higher	CO2	emissions	the	demand	for	emission	allowances	will	

increases	and	also	the	price	of	these	allowances.	This	would	according	to	economic	theory	

lead	to	a	higher	cost	for	the	firm	as	long	as	the	cost	of	the	allowances	increases	with	more	

than	what	the	cost	of	electricity	lowers.		

	

In	a	study	made	by	Da,	Huang	and	Yun	(2017)	where	they	investigated	if	industrial	electricity	

usage	could	be	a	good	predictor	on	the	return	of	stocks.	They	found	that	high	industrial	
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usage	today	will	lead	to	lower	stock	returns	up	to	a	year,	this	is	according	to	Da	et	al	

consistent	with	a	countercyclical	risk	premium.	Da	et	al	also	claims	that	the	industrial	

electricity	usage	can	be	a	better	predictor	than	the	output	gap	presented	by	Cooper	and	

Priestley	when	the	goal	is	to	predict	the	return	of	stocks.		

	

	

Most	other	studies	that	have	looked	at	the	effect	energy	prices	may	have	on	the	return	of	the	

stock	market	have,	instead	of	using	the	price	on	electricity,	used	the	price	on	oil.	In	a	study	by	

Mork	et	 al.,	 (1994)	 it	was	 found	 that	 a	 rise	 in	 the	oil	 price	might	 transfer	wealth	 from	oil	

importing	countries	to	oil	exporting	countries,	this	might	deteriorate	the	purchasing	power	of	

oil	importing	countries	and	affect	their	international	trade.	If	a	similar	relationship	existed	for	

the	price	on	electricity	this	would	imply	that	an	increase	on	the	electricity	price	in	Sweden	

would	transfer	wealth	from	importing	countries	of	electricity	to	Sweden,	since	Sweden	is	a	big	

exporting	country	of	electricity.		

	

On	the	supply	side	of	the	economy,	a	higher	oil	price	will	raise	production	costs	which	in	turn	

will	cause	 industries	to	transfer	to	 low	energy-intensive	 industries	(Sachs	et	al.,	1981).	The	

same	 argument	may	 be	 done	 when	 looking	 at	 the	 supply	 side	 of	 the	 economy.	 After	 an	

increase	in	the	price	on	electricity,	this	should	increase	the	cost	of	production,	this	might	in	

turn	force	industries	to	change	to	a	lower	energy-intensive	production	method	which	in	the	

short	run	may	become	a	big	cost	for	the	companies.		

	

Some	studies	have	also	found	that	a	change	 in	price	on	oil/energy	has	major	 impacts	on	a	

country´s	macro-economy.	In	a	study	maid	by	Darret	et	al.,	(1996)	they	found	that	oil	price	

greatly	influenced	the	macro-economy	on	both	the	demand	and	supply	side.	On	the	demand	

side,	a	rise	in	the	price	on	oil	caused	an	increase	in	a	country´s	inflation	while	it	suppressed	

consumption	(Álvarez	et	al.,	2011)	as	well	as	investments	(Elder	&	Serletis,	2009).	Pieces	of	

Literatures	 that	 have	 investigated	 if	 a	 similar	 relationship	 exists	 between	 the	 price	 on	

electricity	and	a	country´s	macro-economy	have,	unfortunately,	not	been	found.	Although	if	

a	similar	relationship	existed	this	would	imply	that	an	increase	in	the	price	on	electricity	would	
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increase	 inflation,	 suppress	 consumption	 as	well	 as	 investments	which	will	 affect	 Swedish	

companies	and	 their	 stocks	negatively	 since	 few	people	would	want	 to	 invest	 in	 the	 stock	

market	while,	at	the	same	time,	the	demand	for	the	company’s	products	would	decrease	with	

the	decreased	consumption.	

 
2.3	Hypothesis	

With	knowledge	taken	from	earlier	studies	and	economic	theory	this	study	will	be	based	on	

the	hypothesis	that	a	higher	price	on	electricity,	will	increase	the	inflation	which	in	turn		will	

lower	both	consumption	and	investment	in	the	population.	This	will	have	a	negative	effect	

on	the	stock	market	and	lower	the	price	on	the	OMX	30.	It	must,	however,	also	be	

considered	that	an	increase	in	the	price	on	electricity	might	lower	the	price	on	emission	

allowances	which	will	have	a	positive	effect	on	the	companies	in	the	OMX	30.	The	

magnitude	of	these	effects	will	therefore	play	a	big	part	in	the	final	outcome	on	the	price	of	

OMX	30.	The	hypothesis	for	this	study	is	therefore	that	the	impact	from	a	change	in	the	

price	on	electricity,	will	have	a	very	small	effect	on	the	price	of	the	OMX	30	index	in	the	long	

run.	
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3.	Data	
 
In	this	study	data	are	collected	for	five	variables,	the	OMX	stock	exchange	price,	the	price	on	

electricity,	 the	 currency	 exchange	 rate	 for	 the	 Swedish	 krona,	 Sweden’s	 interest	 rate	 and	

Sweden’s	inflation.		

	

To	represent	the	OMX	stock	exchange	price	the	monthly	average	closing	price	of	the	OMX	30	

is	used.	 The	data	 is	 gathered	 from	 the	Nasdaq	OMX	Nordic	website	and	 the	averages	are	

calculated	by	hand.	OMX	30	is	a	stock	index	on	the	OMX	Stockholm	stock	market.	The	index	

contains	 the	 thirty	most	 traded	 stocks	 on	 the	OMX	 Stockholm	 stock	market.	 A	 list	 of	 the	

companies	can	be	seen	in	appendix	A.	

 

 

For	the	price	on	electricity,	data	is	gathered	of	the	average	monthly	prices	(öre/KWH)	on	the	

Nordic	electricity	market	Nord	pool.	These	prices	often	reflect	the	price	that	a	consumer	pays	

for	his	or	her	electricity	pretty	good	since	the	Nord	pool	electricity	market	is	a	place	where	

distributers	and	producers	can	buy	and	sell	electricity	to	one	another.	The	data	used	over	the	

average	 monthly	 spot	 prices	 is	 found	 and	 collected	 on	 “Konsumenternas	

energimarknadsbyrå”	which	is	an	independent	actor	on	the	Swedish	electricity	market	that	

exists	to	help	guid	consumers	on	the	electricity	market.			

	

Since	November	2011	the	Swedish	electricity	market	is	divided	into	four	different	areas.	These	

areas	will	be	defined	in	this	study	as	S1,	S2,	S3	and	S4	where	S1	is	the	most	northern	part	of	

Sweden	(Luleå),	S2	is	the	middle-north	part	of	Sweden	(Sundsvall),	S3	is	the	middle-south	part	

of	Sweden	(Stockholm)	and	S4	is	the	most	southern	part	of	Sweden	(Malmö).	The	reason	that	

the	Swedish	electricity	prices	area	different	in	different	parts	of	Sweden	is	explained	by	supply	

and	demand.		

	

A	majority	of	the	electricity	that	can	be	bought	on	the	Swedish	electricity	market	is	produced	

in	the	northern	parts	of	Sweden.	The	population	is	also	less	in	the	northern	parts	of	Sweden,	
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and	therefore	more	electricity	is	produced	then	consumed.	In	the	southern	parts	of	Sweden	

on	the	other	hand,	less	electricity	is	produced,	although	the	population	is	bigger,	because	of	

this	company´s	and	household´s	must	buy	electricity	that	is	produced	in	either	electricity	area	

S1	or	S2.	This	electricity	must	then	be	transported	in	powerlines	to	electricity	area	S3	and	S4.	

Although	the	capacity	of	the	powerline	is	limited	and	only	a	definite	amount	of	electricity	can	

be	transport	for	a	given	time.		

	

It	is	this	limitation	in	the	electricity	powerlines	that	make	the	prices	on	electricity	differ	for	

different	parts	of	Sweden.	the	price	of	electricity	in	electricity	area	S3	and	S4	usually	are	higher	

than	the	electricity	prices	in	electricity	area	S3	and	S4.	(Energimarknadsinspektionen,	2014)	In	

this	study	the	prices	on	electricity	while	be	adjusted	for	inflation	where	the	Swedish	KPI	index	

is	used	to	represent	the	inflation	and	the	first	observation	is	set	to	have	a	KPI	of	0.	The	data	

over	the	changes	in	KPI	is	found	in	the	Swedish	statistical	bureau´s	database		(SCB).				

	

To	represent	the	currency	exchange	rate	of	the	Swedish	krona	a	total	competitiveness	weights	

(TCW)-index	is	used.	This	is	an	index	that	compares	the	value	of	the	Swedish	krona	against	a	

“basket”	of	other	currencies.	The	index	has	been	gathered	since	1992	and	it	started	with	a	

value	of	100.	An	increase	of	the	TCW-index	implies	that	the	Swedish	krona	has	been	weakened	

since	it	will	be	more	expensive	to	buy	the	“basket”	filled	with	other	currencies.	This	data	is	

gathered	from	the	Swedish	central	bank´s	database.		

	

The	last	value	to	be	included	in	the	final	model	is	the	Swedish	interest	rate.	There	is	a	lot	of	

possible	interest	rates	to	choose	from	but	this	study	has	chosen	to	use	the	three-month	Stibor	

interest	rate.	Stibor	stands	for	“Stockholm	Interbank	Offered	Rate”	and	is	a	measurement	that	

shows	the	average	 interest	rate	that	Stibor	banks	wants	for	 lending	money	to	other	Stibor	

banks.	This	data	is	also	found	on	the	Swedish	central	bank´s	database.		

	

All	of	the	data	used	in	this	study	is	collected	between	January	2012	and	December	2017.	The	

reason	that	not	a	longer	time	period	has	been	used	is	because	of	the	introduction	of	different	
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electricity	areas	on	the	Swedish	electricity	market.	The	variables	will	also	be	logged	since	this	

is	the	the	most	common	way	to	do	it	when	financial	data	is	analysed.	

	

A	summary	of	the	data	can	be	seen	below	in	table	1,	from	this	table	it	can	be	concluded	that	

all	 the	different	electricity	areas	have	very	 similar	prices	of	electricity.	All	of	 the	prices	on	

electricity	are	discounted	by	inflation	in	this	summary.	When	looking	at	the	data	for	the	Stibor	

interest	rate	it	can	be	noted	that	the	minimum	value	for	the	Stibor	interest	rate	is	negative,	in	

fact	all	the	observed	Stibor	interest	rates	since	April	2015	has	had	a	negative	value.	The	data	

consist	of	72	observation,	6	years	and	12	months	per	year.		

	

Table	1:	Summary	of	the	data	

						Variable	 												Obs	 											Mean	 												St.dev													Min	 													Max	
							Period																			72																				-																					-																					-																														-		
							Tcw	 														72															125.77											6.1401												113.84														136.28	
							Stibor																				72																0.4452											0.9597											-0.6145																		2.61	
							Omx																							72															1367.6											195.87												982.67													1685.8	
							El	S1																							72															27.857											6.5455													8.50	 														42.7	
							El	S2																							72															27.866											6.5418													8.50																				42.7	
							El	S3																							72															28.248											6.5210													8.50																				44.8	
							El	S4																							72															28.980											6.3154													8.60																				46.6	
	

Figures	of	the	original,	non-logged	data	can	be	seen	in	appendix	C,	from	these	figures	it	can	

be	observed	that	an	upward	sloping	trend	exists	for	the	OMX	30	and	the	TCW	index	while	a	

downward	sloping	trend	exists	for	the	three	month	interest	rate.	No	obvious	trend	is	observed	

on	different	prices	on	electricity.		
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4.	Procedure	and	methodology	
 
Before	any	statistical	analysis	can	performed	on	time-series	data	it	has	to	be	decided	if	the	

observed	 data	 contains	 any	 trends.	 A	 trend	 will	 dominate	 the	 long-run	 out-of-sample	

forecasts	(also	short-run	forecasts	may	be	effected)	and	therefore	might	lead	to	bias	in	the	

forecasts.	A	time-series	that	contains	a	trend	will	also	be	nonstationary,	this	implies	that	the	

time	series	don’t	have	a	constant	mean.	For	a	trending	time	series	estimates	 for	a	sample	

mean,	 variance	and	autocorrelation	are	not	meaningful	 if	no	consideration	of	 the	 trend	 is	

taken	(Franses	et	al.,	2014).	Further	explanation	about	trends	and	stationarity	can	be	found	

in	Appendix	B.	

 
4.1	Augmented	Dickey-Fuller	test	and	KPSS	test	

To	investigate	if	the	time-series	is	stationary	or	not	an	Augmented	Dickey-Fuller	test	will	be	

used.	 The	 null	 hypothesis	 for	 the	 ADF	 is	 that	 the	 time	 series	 is	 non-stationary	 versus	 the	

alternative	hypothesis	that	the	time-series	are	stationary.	Both	a	trend	and	a	constant	may	be	

included	in	the	ADF	test,	the	drawback	by	implementing	this	is	that	the	test	losses	power,	but	

if	a	trend	exists	it	must	be	taken	into	account	or	else	bias	is	likely	to	occur	(Kennedy,	2003).		

	

It	is	always	possible	for	us	to	write:	

𝜙( 𝐿 = 1 − 𝜙+ − 𝜙, −⋯− 𝜙( 𝐿 + 𝜙/0+∗ (L)(1-L),	

In	this	equation	𝜙/0+∗ 𝐿 = 1 − 𝜙∗𝐿 −⋯− 𝜙∗𝐿/0+	with	𝜙2∗ = −∑4526+
/ 𝜙4.	This	implies	that	

any	auto-regressive	model	can	be	written	as		

Δ+𝑦: = 𝜌𝑦:0+ + 𝜙+∗Δ+𝑦:0+ + ⋯+ 𝜙/0+∗ Δ+𝑦:0 /0+ + 𝜀:	

Where	 	𝜌 = 𝜙+ + 𝜙, +⋯+ 𝜙/0+.	When	𝜌	equals	 zero	 this	equation	collapses	 to	an	auto-

regressive(𝜌 − 1)	model	for	Δ+𝑦:0+,	this	implies	that	an	AR(𝜌)	model	that	contains	a	unit	root	

becomes	 an	 ARI(𝜌 − 1,1)	 model.	 The	 null	 hypothesis	 in	 the	 Dickey-Fuller	 test,	 therefore,	

corresponds	 to	 testing	 whether	 𝜌 = 0,	and	 if	 this	 is	 the	 case	 if	 the	 AR-proccess	 is	 non-
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stationary	(Franses	et	al.,	2014).	

A	KPSS	test	will	also	be	used	in	this	study	to	complement	the	Augmented	Dickey-Fuller	test	.	

The	KPSS	test	has,	unlike	the	Augmented	Dickey-Fuller	test,	stationarity	as	the	null	hypothesis	

and	 not	 non-stationarity.	 The	 KPSS	 test	 is	 based	 on	 the	 idea	 that	 a	 time-series	 can	 be	

decomposed	into	a	deterministic	trend,	a	random	walk	and	a	stationary	error	process.			

4.2	Lag-order	selection	(AIC	and	SIC)	

When	analysing	time-series	data,	it	is	important	to	decide	the	amount	of	time	periods	to	be	

included	in	the	final	model.	Too	few	lags	and	there	might	be	a	risk	that	information	will	be	

missing	from	the	statistic	results,	to	many	lags	and	there	is	a	risk	that	the	coefficients	in	the	

model	get	overestimated	(Stock	&	Watson,	2015).	

In	this	study,	the	Akaike	Information	Criterion	(AIC)	and	Schwartz	Information	Criterion	(SIC)	

will	be	used	to	determine	the	right	amount	of	lags	in	the	models.	One	problem	with	the	AIC	

method	is	that	it	tends	to	choose	more	lags	than	other	comparable	methods,	this	can	make	

the	 estimations	 less	 reliable.	 The	 opposite	 is	 true	 for	 the	 SIC	 method,	 this	 tends	 to	

underestimate	the	true	lag	order	in	small	samples	(Ivanov	&	Killian,	2005).	Still,	according	to	

Stock	&	Watson,	it	is	better	that	the	model	contains	more	lag	then	if	a	model	with	less	lags	

where	 chosen	 since	 this	might	 result	 in	 forecasts	which	 are	 not	 precise	 enough	 (Stock	 &	

Watson,	2015).		

Both	the	AIC	and	SIC	evaluates	the	tested	models	 in-sample	fit	while	taking	the	number	of	

estimated	parameters	 into	account.	T	denotes	 the	number	of	effective	observations	and	k	

denotes	the	number	of	ARMA	parameters	that	are	estimated.		

The	Akaike	Information	Criteria	(AIC)	is	given	by		

	

𝐴𝐼𝐶 𝑘 = 𝑇	𝑙𝑜𝑔𝜎, + 2𝑘	

	

Where	 𝜎, = ∑:5+I 𝜀:,/𝑇	 is	 the	 estimated	 residual	 variance.	 The	 final	 amount	 of	

parameters/lags	that	get	selected	are	the	ARMA	orders	𝑝	and	𝑞	that	minimizes	AIC(𝑘).	The	
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same	selection	criteria	are	used	when	analysing	the	Schwartz	Information	Criteria	(SIC),	which	

is	given	by		

	

𝑆𝐼𝐶 𝑘 = 𝑇	𝑙𝑜𝑔𝜎, + 𝑘 log 𝑇	

	

This	implies	that	the	model	selected	by	the	SIC	method	are	usually	smaller	than	the	model	

orders	selected	with	AIC	(Franses	et	al.,	2014).	

 
4.3	Johansen	test	of	cointegration	

The	 Johansen	 test	 of	 cointegration	 can	 be	 seen	 as	 a	 multivariate	 generalization	 of	 the	

augmented	Dickey-Fuller	test	(Dwyer,	2015)	in	the	sense	that	it	is	testing	a	linear	combination	

of	variables	for	unit	roots.	If	cointegration	exists	among	the	variables	and	the	variables	are	

non-stationary	at	level,	a	combination	of	these	variables	will	create	a	stationary	process	since	

cointegration	implies	that	they	share	the	same	non-stationary	trend	(Kennedy,	2003).		

 
The	Johansen	procedure	consist	of	two	tests,	the	trace-test	which	produce	a	trace	eigenvalue	

statistic	 and	 the	Maximum	 eigenvalue	 test	 which	 produce	 a	max-statistic.	 The	Maximum	

eigenvalue	test	examines	whether	 the	 largest	eigenvalue	 is	zero	relative	to	 the	alternative	

that	the	next	eigenvalue	is	zero.	In	other	words,	the	null	hypothesis	for	this	test	is	that	the	

rank	 of	(∏) = 0	 against	 the	 alternative	 hypotesis	 that	 the	 rank	 of	 (∏) = 1.	 The	 Trace	

eigenvalue,	on	the	other	hand	tests	the	null	hypothesis	that	(∏) = 𝑟T	against	the	alternative	

hypothesis	 that	 𝑟T < 𝑟𝑎𝑛𝑘(∏) < 𝑛	 where	 𝑛	 is	 the	 maximum	 numbers	 of	 cointegrating	

vectors	(Dwyer,	2015.).	

	

If	there	exists	cointegration	among	the	variables	there	can	be	concluded	that	there	exists	a	

long-term	relationship	between	the	variables.	If	on	the	other	hand	no	cointegration	can	be	

observed	 among	 the	 variables,	 it	 cannot	 be	 concluded	 that	 there	 exists	 a	 long-term	

relationship	between	the	variables	in	the	final	model	(Verbeek,	2008).		
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4.4	Vector	Autoregressive	model	

The	Vector	autoregressive	(VAR)	model	is	a	commonly	used	multivariate	time	series	models	

since	 it	 is	 the	most	successful,	 flexible	and	easy	of	use.	The	VAR	model	 is	especially	useful	

when	it	is	being	used	to	describe	the	dynamic	behavior	of	economic	and	financial	time	series	

as	well	as	in	forecasting	the	future.	The	methods	that	will	be	used	in	this	study	to	analyse	the	

results	from	the	performed	VAR-model	will	be	the	granger	causality	test,	impulse	response	

function	and	forecast	error	variance	decompositions	(Hamilton,	2014).	

	

The	Standardized	VAR-model	over	𝑝	periods	of	time	will	in	this	study	become	

	

𝑌:
𝑋4:
𝑍:
𝛼:

=

𝛿+
𝛿,
𝛿]
𝛿^

+

𝜃++ 𝜃+, 𝜃+] 𝜃+^
𝜃,+ 𝜃,, 𝜃,] 𝜃,^
𝜃]+ 𝜃], 𝜃]] 𝜃]^
𝜃^+ 𝜃^, 𝜃^] 𝜃^^

𝑌:04
𝑋:04
𝑍:04
𝛼:04

+

𝜀+:
𝜀,:
𝜀]:
𝜀^:

	

	

In	this	model,	𝑌:	represents	the	endogenous	variable	OMX	30	average	closing	price	at	time	𝑡.	

𝑋:	is	the	endogenous	variable	for	the	average	prices	on	electricity	for	time	𝑡	and	area	𝑖,	𝑍:	is	

the	endogenous	variable	of	the	TCW-index	for	the	Swedish	krona	at	time	𝑡	and	𝛼:	is	the	final 

endogenous	variable	of	 the	 three	month	Stibor	 interest	 rate	at	 time	𝑡.	𝜀+:, 𝜀,:, 𝜀]:	and	𝜀^:	

represents	the	white	noise	error	terms	and	𝜃2 	are	the	vector	matrix,	p	is	the	amount	of	lags	

choosen	and	𝛿	is	the	intercept	of	the	model	(Verbeek,	2008).	

	

In	this	study	the	VAR-model	will	be	generated	on	level	data,	although	Brooks	(2014)	suggest	

that	a	VAR-model	preferably	should	be	generated	on	stationary	data.	However,	Brooks	also	

argues	 that	 differentiating	 to	 obtain	 stationarity	 should	 not	 be	 done,	 the	 data	 should	 be	

stationary	 in	 level.	 The	VAR-model	estimated	 in	 this	 study	will	not	be	used	 to	make	point	

estimates,	when	this	is	the	case	it	is	argued	by	Sims	(1980)	and	Stock	&	Watson	(1990)	that	a	

VAR-model	can	be	used	on	level	non-stationary	data	to	perform	forecasts.		
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4.5	Granger-causality	test	

If	a	single	variable	or	a	group	of	variables	can	help	with	predicting	another	variable	or	

variables	𝑦+	is	said	to	Granger-cause	𝑦,.	If	𝑦+	on	the	other	hand	don´t	help	with	predicting	

𝑦,,	𝑦+	is	said	to	fail	to	Granger-cause	𝑦,	(Hamilton,	1994).	

	

If	we	start	with	a	bivariate	VAR(𝑝)	model	of	the	form	

	

𝑦+:
𝑦,: =

𝑐+
𝑐, + 𝜋+++ 0

𝜋,++ 𝜋,,+
𝑦+:0+
𝑦,:0+ + ⋯+

𝜋++
/ 0

𝜋,+
/ 𝜋,,

/
𝑦+:0/
𝑦,:0/ 	

	

In	this	model	𝑦+	will	fail	to	Granger-cause	𝑦,	if	all	of	the	coefficients	on	the	lagged	values	of	

𝑦+	are	zero	in	the	equation	for	𝑦,.	The	differents	when	a	non	bivariat	VAR(𝑝)-model	is	used	

is	that	more	equations	need	to	be	analysed.	For	example,	𝑦,	will	fail	to	Granger-cause	

𝑦^	when	all	of	the	coefficients	on	the	lagged	values	for	𝑦,	are	zero	in	the	equation	for	𝑦^	

(Hamilton,	1994).		

	

4.6	Impulse	response	function	

The	Impulse	response	function	is	used	to	get	a	visual	representation	of	the	effect	one	

variable	may	have	on	another	variable.	The	impulse	response	function	identifies	how	much	

the	variables	fluctuate	from	their	mean	value	when	another	variable	is	being	”shocked”	with	

one	standard	deviation	(Lütkepohl,	2005).			

	

The	impulse	response	function	will	take	the	form	

	

𝑦:6d = 𝜓4𝜖:6d04

g

45T

	

	

Where		

𝜓𝑛 4,2 =
𝜕𝑦:6d
𝜕𝜖2:
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This	impulse	function	gives	us	the	short-term	response	of	𝑦:6d	to	a	one-time	impulse	in	

𝑦2,:	with	all	other	variables	dated	𝑡	or	ealier	held	constant	(Hamilton,	2014).		

	

5.	Results	
 
Before	any	further	test	can	be	performed	the	data	must	be	checked	for	any	trends,	graphs	

over	this	can	be	found	in	Appendix	C.	The	number	of	lags	that	should	be	included	in	the	final	

model	must	also	be	decided	before	any	further	testing	is	performed.	This	will	be	done	by	the	

AIC	and	SIC	tests.	The	result	from	these	tests	suggests	that	two	lags	should	be	used	in	the	final	

VAR-model,	 although	 it	 should	 be	 noted	 that	 the	 lag	 length	 included	 in	 the	VAR-model	 is	

chosen	to	be	three.	This	is	done	to	avoid	the	problem	of	auto-correlation	as	done	by	Hendry	

and	Huselius	(2001)	that	occurred	with	the	lag	length	suggested	by	these	tests.	

 

5.1	Stationarity	

The	Augmented	Dickey-fuller	test	that	is	performed	to	test	if	the	variables	to	be	included	in	

the	final	VAR-model	is	stationary	or	not	includes	a	constant	for	all	variables.	One	lag	is	used	

for	all	variables	except	for	the	TCW-index	were	three	lags	are	tested.	

 

Table	2:	Augmented	Dickey-fuller	test	

Variable		 	 					Level	 	 	First	difference	
	 OMX	30																																						-1.246																																						-6.060***	
	 			TCW																																									-2.156																																						-5.160***	
	 		Stibor																																								-2.857*																																				-5.540***	
	 						S1																																										-3.168**																																		-6.902***	
	 						S2																																										-3.370**																																		-6.868***	
	 						S3																																										-3.301**																																		-7.064***	
																														S4	 																												-3.167*												 						-7.221***	
Notes:	*,	**,	***	denotes	the	rejection	of	the	null	hypothesis	on	the	10%,	5%	and	1%	significance	level.	

	

Since	the	test	in	Table	2	might	suggest	that	the	variables	that	represent	the	different	prices	

on	 electricity	 are	 stationary	 on	 a	 5%	 significance	 level	 and	 that	 the	 Stibor	 interest	 rate	 is	

stationary	on	a	10%	significance	level,	further	testing	is	done	to	conclude	that	this	really	is	the	

case.	This	is	done	with	a	KPSS	test	and	the	result	from	this	can	be	seen	below	in	table	3.	
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Table	3:	KPSS	test	

						Variable		 	 										Level	 	 						First	difference		
																								S1																																						0.256***																													0.0282	
																												S2																																						0.257***																													0.0261	
																												S3																																						0.246***																													0.0263	
																												S4																																						0.292***																													0.0261	
																									Stibor																																			0.645***																													0.0641	
Notes:	*,	**,	***	denotes	the	rejection	of	the	null	hypothesis	on	the	10%,	5%	and	1%	significance	level,	in	the	

kpss	test	the	null	hypothesis	is	that	the	variables	are	stationary.	

	

The	results	from	the	KPSS	tests	implies	that	all	the	variables	that	represent	the	prices	on	

electricity	and	the	Stibor	interest	are	stationary	and	shall,	therefore,	be	assumed	to	be	I(1).	

This	result	is	contradicting	the	result	obtained	in	the	Augmented	Dickey-Fuller	test.	A	

decision	therefore	needs	to	be	made,	should	the	results	from	the	Augmented	Dickey-Fuller	

test	or	the	KPSS	test	be	used?	In	this	study	it	will	be	assumed	that	the	variables	are	non-

stationary	and	the	variables	will,	therefore,	be	treated	as	I(1).		

	

5.2	Johansen	test	of	cointegration		

In	table	4	the	results	from	the	performed	Johansen	tests	of	cointegration	are	presented.	

From	these	test	it	may	be	concluded	that	there	exists	no	cointegration	when	the	model	

includes	both	a	constant	and	a	trend.	This	implies	that	no	conclusion	can	be	drawn	about	

any	long-term	associations.	Only	short-term	associations	may	be	analysed.	
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Table	4:	Johansen	test	of	cointegration	

	 																					Trace	statistic	 	 													Max	statistic	 	
Null	hypothesis:								r=0											r=1											r=2	 		r=0												r=1											r=2	
Alt.		hypothesis:								r>0											r>1											r>2	 		r>0												r>1											r>2	
OMX	30	
(S1)	 											54.64*					26.93										9.96													27.70*						16.97									8.81															(S2)
	 											54.62*					26.96										9.97													27.67*						16.99									8.82	
(S3)					 											54.05*					26.10										9.89													26.34*						15.66									8.68																						
(S4)																													51.77*					25.43										9.87													27.95*						16.20									8.72	
Notes:	*	Denotes	acceptance	of	the	null	hypothesis	that	there	is	no	cointegration.	The	critical	value	(1%)	for	

zero	cointegration	vector	of	the	trace	statistic	is	54.46	and	for	the	max	statistic	32.34.		

 
5.3	Vector	Autoregressive	model	

In	a	VAR-model	the	relationship	between	our	variables	is	tested.	OMX	is	set	as	the	

dependent	variable	and	the	different	electricity	prices	are	tested	separately.	The	different	

prices	on	electricity	are	also	set	as	the	dependent	variables	to	determine	if	there	is	any	

relationship	between	the	prices	on	the	OMX	and	the	prices	of	electricity.	The	relationship	

can	be	either	a	one-way	or	two-way	relationship.	The	result	from	this	can	be	seen	in	Table	5	

below.	

	

When	OMX	is	set	as	the	dependent	variable,	it	can	be	seen	that	neither	the	first	or	the	

second	lag	of	the	prices	of	electricity	have	any	association	with	the	average	monthly	closing	

price	on	the	OMX	30	index.	This	is	also	the	case	for	the	TCW-index	as	well	as	the	three-

month	Stibor-interest	rate.	Although	all	of	the	second	lags	of	the	electricity	prices	are	very	

close	to	being	significant	on	a	10%	significant	level	and	it	is	therefore	important	to	study	if	

any	causality	exists	among	the	variables.	
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Table	5:	Vector	Autoregressive	model	

Dependent	variable	 Lag										P.o.E												TWC												Stibor									OMX	30								𝑅,												
OMX	30	(S1)																							1												0.010												0.003												2.945															-													0.931																													
																																													2												0.024												0.023											-4.137																												
	
OMX	30	(S2)																							1												0.009												0.003													2.963														-													0.931		
																																													2												0.024												0.203												-4.162															
	
OMX	30	(S3)																							1													0.008											0.012												3.260															-															0.931		
																																													2													0.025											0.006											-4.485											
	
OMX	30	(S4)																							1													0.167											0.013													2.391														-														0.931	
																																													2													0.026											-0.006											-3.768	
	
S1																																									1																-														-0.871												-25.60											0.617										0.670	
																																													2																															-1.494														7.662									-1.139								
		
	
S2																																									1																-													-0.897													-25.83										0.639										0.670		
																																													2																																-1.442													8.048									-1.159																									
		
	
S3																																									1																-											-0.722															-22.17											0.624										0.613	
																																													2																													-1.684																4.338										-1.128	
																																														
	
S4																																									1																-												0.511															0.510													-13.14									0.565					
																																													2																													-2.278													-2.278													-1.411																																											
Notes:	Table	X	denotes	the	association	between	the	dependent	variables	OMX	30	and	the	different	prices	on	

electricity	and	the	independent	variables.	***	=	significant	on	a	1%-significance	level,	**	=	significant	on	5%-

significance	level	and	*	=	significant	on	a	10%	significance	level.	

 

5.4	Granger-causality	test	

The	Granger	 causality	 test	 is	 used	 to	 determine	 if	 there	 exists	 any	 causality	 between	 the	

variables	included	in	the	earlier	VAR-model.	In	case	any	causality	exists	one	can	conclude	that	

the	variables	“follow”	each	other.	The	Granger-causality	test	can	also	show	in	what	direction	

the	causality	goes.	Does	it	only	go	from	X	onto	Y	or	does	it	also	go	from	Y	onto	X.	The	results	

from	this	test	can	be	seen	in	table	6	below.  
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Table	6:	Granger-causality	test	for	OMX	30	

Electricity	market																									P.o.E																									TCW																									Stibor	
OMX	30	(S1)	ß																										5.826*																							0.400																										2.804	
OMX	30	(S1)	à																										3.775																									3.078																										1.877	
OMX	30	(S2)	ß																										5.713*																							0.342																										2.847	
OMX	30	(S2)	à																										3.841																									3.059																										1.879	
OMX	30	(S3)	ß																										5.506*																							0.018																										3.086	
OMX	30	(S3)	à																										3.394																									2.904																										1.624	
OMX	30	(S4)	ß																										7.322**																					0.004																										3.411	
OMX	30	(S4)	à																										2.689																									2.701																										1.463	
Notes:	*,	**,	***	denotes	the	rejection	of	the	null	hypothesis	on	the	10%,	5%	and	1%	significance	level.	The	null	

hypothesis	is	that	the	independent	variable	fail	to	granger-cause	the	dependent	variable.		

	

From	 the	Granger	 causality	 tests,	 it	 can	 be	 seen	 that	 a	Granger	 causality	 exists	 on	 a	 10%	

significance	level	from	the	different	prices	on	electricity	to	the	average	monthly	closing	prices	

on	the	OMX,	but	not	the	other	way	around.	This	implies	that	the	different	prices	on	electricity	

may	Granger-cause	some	of	the	price	changes	on	the	OMX,	but	the	price	on	the	OMX	will	not	

Granger-cause	any	of	the	changes	on	the	prices	of	electricity.		

	

No	Granger-causality	can	be	observed	between	the	Stibor	interest	rate	and	the	average	

closing	prices	on	the	OMX	or	between	the	TCW-index	and	the	Stibor	interest	rate.	Even	

though	no	relationship	can	be	observed,	these	variables	should	still	be	included	in	the	final	

model	since	a	Granger-causality	can	be	observed	between	both	the	TCW-indexand	the	price	

of	electricity,	and	between	the	3-month	Stibor	interest	rate	and	the	price	of	electricity.	A	

two-way	Granger-causality	is	observed	between	the	price	on	electricity	for	all	electricity	

areas	and	the	Stibor	interest	rate	and	a	one-way	Granger-causality	is	observed	from	the	

TCW-index	to	all	the	prices	of	electricity	(Appendix	D).		

	

	

	

	

	



	 28	

The	Granger-causality	between	the	monthly	average	price	on	electricity	and	the	three-

month	Stibor	interest	rate	goes	with	a	significance	level	of	5%	in	both	directions	except	for	

the	S4	electricity	area	where	the	Granger-causality	only	goes	from	the	Stibor-interest	rate	to	

the	price	on	electricity	and	not	the	other	way	around.	A	Granger-causality	can	also	be	

observed	from	the	TCW-index	to	the	monthly	average	prices	on	electricity	for	all	areas,	this	

is	a	one-way	Granger-causality.			

	

5.5	Impulse	response	function	

The	 impulse	 response	 functions	 below	 are	 used	 to	 show	 a	 visual	 demonstration	 of	 the	

Granger-causal	effects	obtained	in	the	Granger-causality	test.	The	impulse	response	functions	

show	the	different	independent	variables	one	by	one	and	how	the	average	closing	price	of	the	

OMX	would	react	to	a	shock	by	one	standard	deviation	of	the	independent	variables.	In	these	

impulse	response	functions	both	asymptotically	calculated	standard	errors	and	bootstrapped	

calculated	standard	errors	are	calculated.		

	

Figure	1:	Shocks	of	one	standard	deviation	on	the	price	of	electricity	and	the	effect	on	OMX.	
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In	figure	one,	it	is	visually	shown	that	a	significant	Granger-causality	exists	and	that	a	shock	of	

one	standard	deviation	would	affect	the	average	monthly	closing	price	of	the	OMX	30.	It	can	

also	be	observed	 that	 the	effect	on	OMX	would	be	different	depending	on	which	price	of	

electricity	we	shock,	all	the	shocks	will	have	a	positive	effect	on	OMX,	although	the	magnitude	

of	the	shocks	will	differ.		

	

The	biggest	effect	on	OMX	can	be	seen	if	we	shock	the	prices	of	electricity	in	electricity	area	

S4	and	with	bootstrapped	estimated	standard	errors.	This	effect	is	significantly	positive	from	

month	two	until	the	ninth	month	after	the	shock,	the	positive	effect	reaches	its	peak	at	the	

fourth	period,	to	then	decrease	towards	the	initial	average	monthly	price	of	OMX.	The	effect	

that	a	shock	will	have	on	the	electricity	price	in	the	other	areas	are	visually	quite	similar	to	

each	other,	the	significant	effects	last	from	the	second	month	after	the	shock	until	the	eight	

month	and	the	effect	reaches	its	peak	in	the	fourth	month.		

	

It	is	important	to	note	the	difference	between	the	impulse	response	functions	that	uses	

asymptotically	estimated	standard	errors	to	the	ones	using	the	bootstrapped	estimated	

standard	errors.	The	effect	is	the	same	but	more	periods	have	a	significant	effect	in	the	

impulse	response	functions	that	use	the	bootstrapped	standard	errors.		

	

The	impulse	response	functions	that	visually	shows	the	Granger-causality	between	both	the	

TCW-index	on	OMX	and	the	Stibor	interest	rate	and	OMX	can	be	found	in	Appendix	E.	All	of	

these	impulse	response	functions	show	very	little,	but	some	significant	effects	from	shocks	

on	the	impulse	variables.	A	shock	of	one	standard	deviation	on	the	Stibor	interest	rate	will	

lead	to	a	decrease	in	the	price	on	OMX	in	the	third	month	after	the	shock.	Worth	noting	

here	is	that	this	effect	is	significant	in	the	eight-month	after	the	shock	and	onwards	but	not	

before.	A	shock	in	the	TCW-index	of	one	standard	deviation	shows	no	significant	effect	on	

the	average	monthly	closing	price	of	the	OMX	30	index.		

 

	



	 30	

6.	Discussion	
 
6.1	Drawbacks	

All	studies	face	difficulties	and	this	study	is	no	exception.	One	problem	and	drawback	with	this	

study	is	that	all	observations	from	the	stock	market	is	drawn	when	the	economy	has	been	in	

a	bull	market	(there	is	an	upward	trend	in	the	economy).	This	implies	that	no	conclusion	can	

be	drawn	for	a	bear	market	(downward	trend	in	the	economy).		

 

The	OMX	30	index	is	chosen	to	represent	the	Swedish	stock	market.	It	is	a	commonly	used	

measurement	of	the	Swedish	stock	market,	although,	it	has	its	limitation.	The	OMX	30	index	

contains	different	companies	for	different	time	periods	since	the	index	represents	the	30	most	

traded	stocks	on	the	OMX	stock	exchange.		This	means	that	some	sectors	that	is	more	volatile	

to	a	change	in	the	price	of	electricity	might	not	be	represented	in	all	the	observations	of	the	

index.	Even	though	the	variable	has	its	flaws,	it	is	used	in	this	study	to	represent	the	Swedish	

stock	market	since	it	is	the	most	common	measurement	used	to	describe	changes	on	the	OMX	

stock	exchange.	

	

This	 study´s	 result	may	 also	 be	 affected	 by	 the	 fact	 that	 the	 interest	 rate	 has	 been	 on	 a	

downward	 trend	during	 the	entire	 time	period	 for	 this	 study.	A	declining	 interest	 rate	will	

heavily	effect	the	value	of	the	OMX	30	since	people	must,	to	obtain	an	equal	return	on	their	

investments,	 invest	more	money	 in	stocks	and	 less	 in	 interest	rate	 instruments.	The	Stibor	

interest	rate	has	been	used	as	a	control	variable	but	it	still	cannot	be	concluded	that	no	other	

interest	 rates	 effect	 the	 OMX	 30,	 this	 must	 therefore	 be	 taken	 into	 consideration	 when	

drawing	conclusions	from	the	results	obtained	in	this	study.	

	

The	methodical	approach	that	is	used	in	the	study	is	also	debatable.		In	the	best	of	all	worlds,	

the	variables	used	in	this	study	would	have	been	estimated	on	the	population´s	daily	values	

instead	of	being	estimated	on	averages.	There	is	also,	for	all	tests	performed	in	this	study,	a	

possibility	for	a	type	1-error	and/or	a	type	2-error.	Type	1-error	is	when	the	null	hypothesis	is	
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true	but	still	rejected	and	type	2-error	is	when	the	null	hypothesis	should	have	been	rejected	

but	it	is	true	(more	et	al,	2011).		

 

6.2	The	results	

The	results	from	this	study	implies	that	there	is	a	short	term	positive	effect	on	the	return	of	

the	OMX	30	as	a	consequence	from	a	positive	shock	(a	higher	price)	on	the	price	of	electricity	

with	one	standard	deviation,	everything	else	held	constant.	Although	insignificant,	one	can	

observe	this	effect	further	for	two	years,	after	two	years	the	effect	seems	to	stagnate	and	the	

value	of	OMX	30	returns	to	its	initial	value	(figure	5,	appendix	E).	This	is	contradictory	with	the	

hypothesis	presented	in	chapter	3	that	were	based	on	economic	theory.		

	

The	 reason	 for	 this	 relationship	 is	 unclear	 since	 it	 cannot	 be	 concluded	 from	 the	 tests	

performed	in	this	study	if	a	shock	on	the	price	of	electricity	have	different	effects	for	different	

companies	and	or	sectors.	It	can	however	be	concluded	from	the	results	in	this	study	and	by	

referring	to	the	argumentation	in	the	“Theoretical	Framework”	chapter	that	higher	returns	

from	the	OMX	30	may	arise	if	the	price	on	emission	allowances	have	decreased.	Due	to	the	

limiting	timeframe	for	this	study	no	testing	has	been	performed	to	test	this.			

	

If	this	is	the	case	this	would	either	imply	that	the	companies	included	in	the	OMX	30	are	more	

sensitive	 to	 a	 change	 in	 the	 price	 of	 emission	 allowances	 than	 a	 change	 in	 the	 price	 of	

electricity.	It	is	also	important	to	note	that	the	observed	relationship	only	exist	for	about	12	

months	before	the	price	on	the	OMX	30	returns	to	its	initial	value.	This	may	be	explained	by	a	

decreased	consumption	by	the	private	sector	as	well	as	a	decrease	in	investments	as	found	by	

Álvarez	et	al.,	(2011)	and	Elder	and	Serletis	(2009),	if	the	same	relationship	that	they	found,	

between	 oil	 and	 a	 country´s	macro-economy	 also	 can	 be	 observed	 between	 the	 price	 of	

electricity	and	a	country´s	macro-economy.	

	

The	results	found	by	this	study	also	falls	in	line	with	the	result	found	by	Da	et	al.	Da	et	al	found	

that	a	higher	usage	of	electricity	today	predicts	a	lower	return	on	stocks.	The	results	in	this	

study	points	to	a	mirrored	relationship.	An	increase	in	the	price	of	electricity	which	we	assume	
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lower	 the	demand	 for	 electricity	 and	 therefore	 also	 the	usage	of	 electricity,	will	 predict	 a	

higher	return	on	stocks	in	the	future.		

 

6.3	Discussion	

To	draw	any	conclusion	from	the	results	obtained	in	this	study,	one	must	refer	and	search	in	

earlier	studies	and	literature.	One	may	assume	that	the	results	obtained	in	earlier	literature	is	

correct	but	it	is	still	a	subject	worthy	to	discuss.		

	

If	the	observed	effect	on	the	OMX30	originates	from	an	indirect	from	the	price	of	electricity	

on	must	conclude	what	the	real	source	of	the	effect	 is.	Does	it	come	from	a	change	in	the	

emission	allowances?	Or	does	it	originate	from	another	source?	One	may	also	ask	if	the	reason	

for	a	change	in	the	price	on	emission	allowances	really	comes	from	a	change	in	the	price	on	

electricity.	There	exists	a	lot	of	variables	that	may	affect	the	price	on	emission	allowances,	as	

the	price	on	coal	and	oil	for	example.		

 

The	result	found	by	Da	et	al,	that	the	usage	of	electricity	predicts	the	return	on	stock	in	the	

same	way	the	presence	of	a	countercyclical	risk	premium	would	do.	Is	therefore	the	most	

relevant	and	interpretable	explanation	of	the	result	found	by	this	study.	This	result	is	

contradictory	to	the	common	supply	and	demand	models,	where	a	lower	price	on	electricity	

should	lead	to	cheaper	production	in	the	short	run.	If	the	price	of	electricity	is	low	a	

company	gets	the	chance	to	expand	since	the	cost	for	electricity	lowers.	Expanding	implies	

that	the	outlook	for	company	earnings	gets	stronger.	When	the	outlook	for	company	

earnings	increases	more	investors	choose	to	hold	stocks,	the	market	competition	drices	up	

the	price	on	the	stock	relative	to	the	company´s	performance	and	this	reduces	the	expected	

return	from	the	stock.	This	may	then	explain	the	result	observed	in	this	study	as	well	as	the	

study	done	by	Da	et	al.	
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6.4	Questions	for	future	research	

The	 results	 from	this	 study	points	 to	a	positive	 response	 from	the	OMX	30	 if	 the	price	on	

electricity	 increased	 rapidly.	 In	 future	 researched	 it	 should	be	 investigated	 if	 the	observed	

effect	found	by	this	study	originates	from	a	countercyclical	risk	premium,	a	change	in	the	price	

on	emission	allowances	or	from	a	completely	different	source.		

	

Future	studies	may	also	examine	 if	 the	effect	 from	the	price	of	electricity	affects	different	

industries	 differently.	 Some	 companies	 distribute	 and	 or	 produce	 electricity	 and	 will	 get	

higher	revenues	with	a	higher	price	on	electricity,	some	have	a	higher	demand	of	electricity	

and	a	difference	should,	in	theory	exist.	But	what	is	it,	if	a	difference	exists,	that	makes	the	

consequences	 from	 a	 change	 in	 the	 price	 of	 electricity	 bigger	 for	 some	 companies	 then	

others?		

	

A	drawback	in	this	study	is	that	the	price	of	electricity	as	well	as	the	interest	rate	has	decreased	

during	the	time	period	investigated.	The	price	of	electricity	have	after	this	slowly	increased,	

mostly	because	of	extreme	drought	in	Sweden	which	has	lowered	the	amount	of	electricity	

produced.	The	Swedish	central	bank	has	also	stated	that	they	want	to	increase	the	interest	

rate,	as	has	been	done	by	a	lot	of	central	banks	around	the	world.	Will	the	same	result	be	

observed	with	these	new	market	conditions?	Or	does	the	relationship	depend	on	the	market	

conditions	that	existed	during	the	time	period	investigated	in	this	study?	

  

	
	
	
	
	
	



	 34	

7.	Conclusion		
 

This	study	has	found	that	causality	exists	between	the	prices	of	electricity	for	all	of	Sweden’s	

different	electricity	areas	and	the	OMX	30.	The	results	from	this	study	implies	that	an	increase	

in	the	price	of	electricity	predicts	a	short	term	positive	effect	on	the	return	of	the	OMX	30	as	

a	 consequence	 from	 a	 positive	 shock	 (a	 higher	 price)	 on	 the	 price	 of	 electricity	with	 one	

standard	deviation,	everything	else	held	constant.	Although	insignificant,	one	can	observe	this	

effect	further	for	two	years,	after	two	years	the	effect	seems	to	stagnate	and	the	value	of	

OMX	30	returns	to	its	initial	value	(figure	5,	appendix	E).		

	

	

The	reason	we	observe	this	reaction	from	the	stock	market	is	unclear	since	it	cannot	be	

concluded	from	the	tests	performed	in	this	study	if	this	is	a	consequence	of	a	change	in	the	

price	on,	for	example	emission	allowances.	However,	by	referring	to	the	results	found	by	Da	

et	al	(2017)	it	is	assumed	that	this	relationship	comes	from	a	countercyclical	risk	premium.	

Where	an	increase	in	the	outlook	for	company	earnings	make	more	investors	hold	stocks,	

the	market	competition	drives	up	the	price	on	the	stock	relative	to	the	company´s	

performance	and	this	reduces	the	expected	return	from	the	stock.		

	

Future	 studies	 should	 examine	 if	 the	 effect	 from	 the	 price	 of	 electricity	 affects	 different	

industries	 differently.	 Some	 companies	 distribute	 and	 or	 produce	 electricity	 and	 will	 get	

higher	revenues	with	a	higher	price	on	electricity,	some	have	a	higher	demand	of	electricity	

and	a	difference	should,	in	theory	exist.	But	what	is	it,	if	a	difference	exists,	that	makes	the	

consequences	 from	 a	 change	 in	 the	 price	 of	 electricity	 bigger	 for	 some	 companies	 then	

others?  
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Appendix	A	–	Companies	included	in	the	OMX	30	Index		

The	Companies	included	in	the	OMX	30	index	changes	every	sixth	month,	in	this	appendix	

the	companies	included	in	May	of	2015	and	August	og	2016	will	be	used	as	examples.	Most	

of	the	companies	are	the	same	in	the	index	but	sometimes	one	or	two	companies	will	be	

replaced	by	new	ones.	History	of	the	companies	included	in	the	OMX	index	is	found	on	the	

Nasdaq	OMX	website.		

	
Companies	2015	

ABB	Ltd	

Alfa	Laval	AB	

ASSA	ABLOY	AB	ser.	B	

AstraZeneca	PLC	

Atlas	Copco	AB	ser.	A	

Atlas	Copco	AB	ser.	B	

Boliden	AB	

Electrolux,	AB	ser.	B	

Ericsson,	Telefonab.	L	M	ser.	

Getinge	AB	ser.	B	

Hennes	&	Mauritz	AB,	H	&	M	ser	

Investor	AB	ser.	B	

Kinnevik,	Investment	AB	ser.	B	

Lundin	Petroleum	AB	

Modern	Times	Group	MTG	AB	ser.	

Nokia	Corporation	

Nordea	Bank	AB	

Sandvik	AB	

Securitas	AB	ser.	B	

Skand.	Enskilda	Banken	ser.	A	

Skanska	AB	ser.	B	

SKF,	AB	ser.	B	

SSAB	AB	ser.	A	
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Svenska	Cellulosa	AB	SCA	ser.	

Svenska	Handelsbanken	ser.	A	

Swedbank	AB	ser	A	

Swedish	Match	AB	

Tele2	AB	ser.	B	

TeliaSonera	AB	

	

Companies	2016	

ABB	Ltd	

Alfa	Laval	AB	

ASSA	ABLOY	AB	ser.	B	

AstraZeneca	PLC	

Atlas	Copco	AB	ser.	A	

Atlas	Copco	AB	ser.	B	

Boliden	AB	

Electrolux,	AB	ser.	B	

Ericsson,	Telefonab.	L	M	ser.	

Fingerprint	Cards	AB	ser.	B	

Getinge	AB	ser.	B	

Hennes	&	Mauritz	AB,	H	&	M	ser	

Investor	AB	ser.	B	

Kinnevik	AB	ser.	B	

Lundin	Petroleum	AB	

Nokia	Corporation	

Nordea	Bank	AB	

Sandvik	AB	

Securitas	AB	ser.	B	

Skand.	Enskilda	Banken	ser.	A	

Skanska	AB	ser.	B	

SKF,	AB	ser.	B	
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SSAB	AB	ser.	A	

Svenska	Cellulosa	AB	SCA	ser.	

Svenska	Handelsbanken	ser.	A	

Swedbank	AB	ser	A	

Swedish	Match	AB	

Tele2	AB	ser.	B	

Telia	Company	AB	(publ)	

Volvo,	AB	ser.	B	

 
Appendix	B	–	Trend	and	Stationarity	

Another	 problem	 that	 might	 occur	 and	 that	 needs	 to	 be	 taken	 into	 consideration	 when	

analysing	time-series	data	is	that	of	seasonality.	Seasonality	implies	that	a	variable	depends	

on	what	time	of	the	year	it	 is.	 If	this	 is	the	case	it	may	cause	problems	to	determine	if	the	

cause	and	effect	comes	 from	the	 independent	variables	or	 if	an	observed	effect	 is	 instead	

caused	by	the	date	of	the	observation.	According	to	Franses	et	al,	there	is	three	big	arguments	

to	not	adjust	the	data	for	seasonality.		

	

The	 first	of	 these	 is	 that	 in	many	 situations	 the	 seasonal	 fluctuations	and	 forecasts	 are	of	

interest	 depending	 on	 the	 hypothesis	 tested.	 Secondly,	 a	 seasonal	 adjustment	 procedure	

assumes	 that	 an	 observed	 time	 series	 may	 be	 considered	 as	 the	 sum	 of	 a	 non-seasonal	

component	as	well	as	a	seasonal	component.	This	implies	that	the	seasonal	fluctuations	of	the	

variables	are	independent	from	the	features	of	the	time	series,	such	as	the	trend	as	well	as	

the	 variables	 cyclical	 behaviour.	 Although	 this	 second	 assumption	 might	 not	 always	 be	

realistic	(Miron	&	Beaulieu,	1996).	It	also	goes	against	theoretical	models	that	explicitly	tries	

to	describe	economic-decision	making	when	looked	at	from	a	seasonal	perspective	(Ghysels,	

1994;		Miron,	1996).		

	

The	third	and	biggest	argument	against	adjusting	your	data	for	seasonal	changes	is	that	the	

seasonal	component	 is	unobserved	and	therefore	must	be	estimated.	This	estimation	may	

affect	other	time	series	features	and	therefore	distort	the	data	which	in	turn	might	lead	to	

either	a	type	1	or	type	2	error	(Ghysels	&	Perron,	1993;	1996;		Franses	&	Paap,	1999).		
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When	a	visual	analysis	of	the	data	is	done	an	upward	sloping	trend	is	detected	for	the	variables	

TCW	and	OMX	30	while	 a	 downward	 sloping	 trend	 is	 detected	 for	 the	 variable	 Stibor,	 no	

obvious	trend	is	detected	for	the	variables	that	are	used	to	represent	the	electricity	prices.	

	

Minor	sign	of	seasonality	is	detected	when	a	scatterplot	is	generated	of	the	observations	on	

the	 variables,	 although	 economic	 theory	 suggest	 that	 the	 price	 of	 electricity	 should	 be	

effected	by	the	season	since	the	demand	and	supply	is	effected	by	the	temperature	in	the	air	

this	relationship	is	not	quite	so	obvious	as	the	theory	suggest.	Because	of	this	and	by	taking	

the	three	arguments	of	Franse,	Dijk	and	Opschoor	(2014)	into	account	seasonality	adjustment	

will	not	be	performed	on	the	data.		

	

Stationarity	

It	is	not	unusual	in	time-series	data	that	the	present	period’s	observed	value	of	a	variable	is	

determined	by	the	value	of	the	previous	period	and	a	random	error	term.	This	is	called	a	non-

stationary	time	series.	This	is	troublesome	since	this	gives	the	time	series	a	rising	variance,	the	

time	series	can	be	described	by	a	random	walk.	If	the	series	becomes	stationary	after	taking	

the	first	difference	it	is	called	that	the	time	series	is	I(1),	if	on	the	other	hand	the	time-series	

is	stationary	at	level,	it	is	said	to	be	I(0).		

	

To	have	stationarity	of	a	time	series	the	following	three	properties	need	to	hold:		

	 	

𝐸 𝑦: = 𝜇	 	 	 For	all	𝑡 = 1, 2, … , 𝑇,	 	 (4.2.1)	

𝐸 𝑦: − 𝜇 , = 𝛾T	 	 For	all	𝑡 = 1, 2, … , 𝑇,	 	 (4.2.2)	

𝐸 𝑦: − 𝜇 𝑦:0m − 𝜇 = 𝛾m	 For	all	𝑡 = 1, 2, … , 𝑇,	 	 (4.2.3)	

	 	 	 				and	𝑘 =. . . , −2, −1, 0, 1, 2, …	

	

Where	𝜇, 𝛾T	 and	𝛾m	 all	 are	 finite-	 value	added	numbers.	 To	overcome	 the	 limitations	 that	

(4.2.1),	 (4.2.2)	 and	 (4.2.3)	 creates	 one	 may	 look	 at	 stationarity	 and	 trends	 within	 the	

framework	 of	 an	 autoregressive(𝜌)	 time	 series	model	 that	 possibly	 contains	 deterministic	
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terms.	If	the	autoregressive(𝜌)	time	series	model	contains	a	deterministic	component	and	this	

deterministic	 component	 contains	 the	 variable	 𝑡,	 𝑡 = 1, 2, … , 𝑇,	 the	 time	 series	 has	 a	

deterministic	trend.	If	on	the	other	hand	the	autoregressive(𝜌)	part	of	the	model	contains	the	

component	(1 − 𝐿),	the	𝑦:	series	has	a	stochastic	term	(Franses	et	al.,	2014).	

	

The	autoregressive	polynomial	may	then	be	decomposed	to		

	

𝜙/ 𝐿 = 1 − 𝜙+𝐿 − 𝜙,𝐿, − ⋯− 𝜙/𝐿/ = (1 − 𝜙+∗𝐿 − 𝜙,∗𝐿, − ⋯− 𝜙/0+∗ 𝐿/0+)(1 − 𝐿)	

	

Or	more	compact		

	

𝜙/ 𝐿 = 𝜙/0+(𝐿)(1 − 𝐿)	

	

This	implies	that	by	having	a	component	(1 − 𝐿)	one	can	conclude	that	the	autoregressive-

polynomial	𝜙/ 𝐿 	 contains	 a	 unit	 root.	 In	 this	 study	 an	 Augmented	 Dickey-Fuller	 test	 is	

performed	 to	 check	whether	 a	 time	 series	 is	 stationary	 or	 not	 (if	 it	 contains	 a	 unit	 root)	

(Franses	et	al.,	2014).	In	this	study	the	Augmented	Dickey-Fuller	and	KPSS	test	will	be	used	to	

test	for	stationarity.	
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Appendix	C	–	Graphs	over	the	trends	

 
All	of	the	variables	in	these	figures	will	be	in	its	original	form.	
Figure	1	

	
	
	
	
Figure	2	
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Figure	3	

	
	
	
	
	
	
	
Figure	4	
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Appendix	D	–	Granger	Causality	tests	

Table	1:	Granger-causality	test	for	the	Prices	on	Electricity	
Electricity	market																				OMX																								TCW																										Stibor	
P.o.E	(S1)	ß																											3.775																									7.467**																						8.201**	
P.o.E	(S1)	à																											5.826*																							3.106																										7.220**	
P.o.E	(S2)	ß																											3.841																									7.365**																						8.119**	
P.o.E	(S2)	à																											5.713*																							3.012																										7.346**	
P.o.E	(S3)	ß																											3.394																									7.412**																						7.786**	
P.o.E	(S3)	à																											5.506																									2.661																										7.069**	
P.o.E	(S4)	ß																											2.689																									5.399*																								5.919*	
P.o.E	(S4)	à																											7.322**																					1.264																										3.848	
Notes:	*,	**,	***	denotes	the	rejection	of	the	null	hypothesis	on	the	10%,	5%	and	1%	significance	level.	The	null	
hypothesis	is	that	the	independent	variable	fail	to	granger-cause	the	dependent	variable.		
	
Table	2:	Granger-causality	test	for	TCW	
Electricity	market																				P.o.E																									OMX																										Stibor	
TCW	(S1)	ß																											3.106																									3.078																										1.713	
TCW	(S1)	à																											7.467**																					0.400																										1.281	
TCW	(S2)	ß																											3.012																									3.059																										1.702	
TCW	(S2)	à																											7.365**																					0.342																										1.291	
TCW	(S3)	ß																											2.661																									2.904																										1.589	
TCW	(S3)	à																											7.412**																					0.018																										1.193	
TCW	(S4)	ß																											1.264																									2.701																										1.662	
TCW	(S4)	à																											5.399*																							0.004																										0.994	
Notes:	*,	**,	***	denotes	the	rejection	of	the	null	hypothesis	on	the	10%,	5%	and	1%	significance	level.	The	null	
hypothesis	is	that	the	independent	variable	fail	to	granger-cause	the	dependent	variable.		
	
	
Table	3:	Granger-causality	test	for	Stibor	
Electricity	market																				P.o.E																									TCW																										OMX	
Stibor	(S1)	ß																										7.220**																					1.281																										1.877	
Stibor	(S1)	à																										8.201**																					1.713																										2.804	
Stibor	(S2)	ß																										7.346**																					1.291																										1.879	
Stibor	(S2)	à																										8.119**																					1.702																										2.847	
Stibor	(S3)	ß																										7.069**																					1.589																										1.624	
Stibor	(S3)	à																										7.786**																					1.193																										3.086	
Stibor	(S4)	ß																										3.848																									0.994																										1.463	
Stibor		(S4)	à																									5.919*																							1.662																										3.411	
Notes:	*,	**,	***	denotes	the	rejection	of	the	null	hypothesis	on	the	10%,	5%	and	1%	significance	level.	The	null	
hypothesis	is	that	the	independent	variable	fail	to	granger-cause	the	dependent	variable.		
monthly-changes/	
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Appendix	E	–	Impulse	response	functions	

Figure	1:	Shock	of	one	standard	deviation	on	the	Stibor	interest	rate	and	Tcw	index	and	the	
effect	on	OMX.	The	model	this	is	based	on	is	the	VAR-model	that	includes	S1.	
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Figure	2:	Shock	of	one	standard	deviation	on	the	Stibor	interest	rate	and	Tcw	index	and	the	
effect	on	OMX.	The	model	this	is	based	on	is	the	VAR-model	that	includes	S2

	
	
Figure	3:	Shock	of	one	standard	deviation	on	the	Stibor	interest	rate	and	Tcw	index	and	the	
effect	on	OMX.	The	model	this	is	based	on	is	the	VAR-model	that	includes	S3.	
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Figure	4:	Shock	of	one	standard	deviation	on	the	Stibor	interest	rate	and	Tcw	index	and	the	
effect	on	OMX.	The	model	this	is	based	on	is	the	VAR-model	that	includes	S4.	

	
Figure	5:	Shock	of	one	standard	deviation	on	the	price	on	electricity	in	S4	and	the	effects	on	
OMX.		
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Appendix	F	–	Bootstrapped	standard	errors	

The	calculated	bootstrapped	errors	are	calculated	by	Stata	and	where	Stata	uses	the	

residuals	from	a	fitted	model	to	calculate	the	bootstrap.	A	random	sample	is	drawn	from	the	

𝐾 ∗ 1	vector	of	residuals	when	the	𝑡th	vector	is	drawn	all	𝐾	residuals	are	selected.	The	𝑝	

initial	observations	are	then	used	with	the	sampled	residuals	to	create	a	new	sample	data	

set	(Stata	manual	s.268).	

 

 

 

 

 

 


