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mielenkiinnon kylmän sodan vuosikymmeninä. Aihe on jälleen ajankohtainen Ukrainan sodan 
kiihdyttäessä kansainvälistä asevarustelua ja puolustusinvestointeja. Suomelle ja Ruotsille kysymys 
on tärkeä myös tulevan Nato-jäsenyyden kannalta, sillä sotilasliiton suosituksen mukaan 
puolustusmenojen tulisi ylittää kaksi prosenttia bruttokansantuotteesta. Tavoitteeseen pääseminen 
vaatii puolustusmenojen kasvattamista molemmilta mailta. Puolustusmenojen vaikutuksesta 
talouskasvuun ei ole julkaistu yhtään Suomea ja Ruotsia käsittelevää tapaustutkimusta, mutta maita 
on käsitelty osana laajempia paneelimateriaaleja. Tutkielma täyttää tämän aukon. 

Tutkielma keskittyy rakenteelliseen vektoriautoregressiiviseen analyysiin aikajaksolla 1960–2021. 
Granger-kausaalisuus on otettu mukaan tarkasteluun, sillä konseptilla on ongelmallisuudestaan 
huolimatta keskeinen asema tutkimusaiheen historiassa. Aikaisemmassa kirjallisuudessa 
rakenteellisen mallin identifikaatio on koettu haasteelliseksi siksi, että molemminsuuntaisen 
kausaalisuuden määrittäminen vaatisi sopivan eksogeenisen muuttujan, jollaista on tässä kontekstissa 
liki mahdotonta löytää. Tutkielma haastaa näkemyksen ehdottamalla, että puolittainen identifikaatio 
voidaan hyväksyä mielenkiinnon kohdistuessa ainoastaan puolustusmenoshokkiin. Vaihtoehtoinen 
lyhyemmällä aikajaksolla toteutettu analyysi testaa tulosten herkkyyttä tarkasteltavalle aikajaksolle.  

Impulssivasteanalyysin perusteella puolustusmenojen vaikutus bruttokansantuotteeseen on hieman 
positiivinen molemmissa maissa, mutta tilastollisesti merkitsevä vain Ruotsissa. Granger-
kausaalisuutta ei havaita kumpaankaan suuntaan kummassakaan maassa. Suomen neutraali tulos on 
linjassa odotusten ja aiemman kirjallisuuden kanssa, mutta Ruotsin positiivinen tulos on odotusten 
vastainen. Vaihtoehtoinen kylmän sodan jälkeinen analyysi osoittaa Suomen tuloksen vahvuuden 
aikajaksosta riippumatta. Ristiriitaisuus aiemman kirjallisuuden kanssa sekä ehdollisen 
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Tutkielman perusteella puolustusmenojen lisäykset eivät hidasta talouskasvua Suomessa tai 
Ruotsissa. Tulosta voidaan pitää yllättävänä, sillä aiempien tutkimusten on havaittu aliarvioineen 
puolustusmenojen negatiivisia vaikutuksia ja suurin osa tuoreimmasta kirjallisuudesta puoltaa 
negatiivista tai neutraalia kokonaisvaikutusta. Lisätutkimusta tarvitaan etenkin 
vaikutusmekanismeista ja heterogeenisuuden syistä. Puolustusmenojen osien tutkiminen voisi tarjota 
vastauksia ratkaisemattomiin kysymyksiin. 
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Abstract:  

The opportunity costs of defence and the impact of defence spending on economic growth aroused 
the interest of researchers during the Cold War. The question is topical again, as the war in Ukraine 
has accelerated international armaments and increased investments in defence. For Finland and Swe-
den, the issue is also important in terms of future NATO membership, because NATO recommends 
that its member countries spend at least 2% of GDP on defence. Achieving the limit requires an 
increase in defence spending from both countries. No case studies on the impact of defence spending 
on economic growth have been published about Finland and Sweden, but the countries have been 
discussed as part of broader panel materials. This thesis fills the gap. 

The thesis applies structural vector autoregressive methods to analyse the period from 1960 to 2021. 
Granger causality is included in the analysis, because–despite its problematic nature–the concept has 
a central position in the history of the research topic. Previous literature has considered the identifi-
cation of a structural model challenging because the determination of bidirectional causality would 
require a suitable exogenous variable, which is almost impossible to find in this context. The view is 
challenged by suggesting that a partial identification can be accepted when the interest is focused 
only on the defence spending shock. The alternative analysis concerning a shorter time period tests 
the sensitivity of results to a time period. 

The impulse response analysis suggests that the impact of defence spending on GDP is slightly pos-
itive for both countries, but statistically significant only for Sweden. Granger causality is not observed 
in either direction for either country. Finland's neutral result is in line with expectations and previous 
literature, but Sweden's positive result is contrary to expectations. The alternative analysis concerning 
the post-Cold War era confirms that the Finnish result is robust regardless of the time period. The 
inconsistency with previous literature and the challenges caused by conditional heteroskedasticity 
raise doubts about the reliability of the Swedish result. 

The thesis indicates that increases in defence spending will not harm economic growth in Finland and 
Sweden. The result is surprising, as it has been suggested that previous studies have underestimated 
the negative impact of defence spending and most of the recent literature supports a negative or neu-
tral impact. Further research is needed, especially on the impact mechanisms and the causes of het-
erogeneity. Decomposing defence spending could provide answers to unresolved questions.  
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1 Introduction 

During the Cold War, countries wasted vast amounts of money on defence. International relations 

were defined by an arms race, and the balance of terror between military superpowers was believed 

to maintain peace. The impact of defence on social development was significant, as all the money 

spent on it was taken away from another public spending. On the other hand, the defence industry 

developed remarkable technologies that benefited the civilian sector. The question of the economic 

significance and effects of defence became important, arousing the interest of economists.  

The debate about the effect of defence spending on economic growth began in the 1970s when Emile 

Benoit (1973, 1978) suggested that the impact could be positive in developing countries. The classic 

guns versus butter model had already been developed during the First World War to describe the 

production-possibility frontier and the nexus between defence and civilian goods. But before Benoit, 

the impact of defence spending had just been assumed to be negative. Since then the topic has been 

studied by various methods without reaching a consensus.  

The crucial question is if the opportunity cost of defence spending outweighs the positive effects. The 

positive impact hypothesis emphasises the effects of defence spending on jobs, innovations, protec-

tion, and human capital (Hartley 2020, p. 30). The negative impact hypothesis argues that alternative 

expenditure, such as education, civilian infrastructure, or health care, would stimulate more substan-

tial growth (Hartley 2020, p. 31). The key problem is that the benefits and opportunity costs of de-

fence are much more challenging to measure than budget spending. How to value peace and security–

or calculate the opportunity cost when the civilian sector also has efficiency problems, market fail-

ures, and unproductive research and development? 

Many arguments favouring the negative impact arise from the public good features of defence (Hart-

ley 2020, p. 12). Defence is non-excludable: citizens cannot be excluded from defence benefits within 

a country, just as a member of a military alliance cannot be excluded from the nuclear deterrence of 

another member. Defence is also non-rivalry: additional citizens or members of the alliance get the 

same protection without reducing others' security. However, it would be geographically possible for 

the United States to stop defending Alaska or Hawaii (Hummel and Lavoie 1994; Bodansky 2012), 

so some arguments against the non-excludable feature of defence exist. The positive and negative 

impact hypotheses, as well as public good features and market failures, are discussed in the second 

chapter. 
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World defence spending has been growing for several years, exceeding two trillion US dollars for the 

first time in 2021 (Lopez da Silva et al. 2022). The new arms race era can be declared to have started 

at the latest when Russia’s invasion of Ukraine shattered the illusion of a peaceful Europe. For Fin-

land and Sweden, the impact of defence spending on economic growth is topical not only from the 

perspective of the world situation but also from the point of view of future NATO membership. A 

major change can be seen especially in Swedish defence policy: Sweden has deliberately run down 

its defence forces and capabilities in recent decades (Figures 1 and 2). 

NATO recommends that its member countries spend at least 2% of GDP on defence. The share of 

military expenditure on GDP, military burden, does not reach the requirement in Finland or Sweden 

on average (Figure 1), although Finland crossed the limit in 2021 due to fighter acquisition. Finland 

ranks above average compared to NATO countries, while Sweden is among those who spend the least 

(SIPRI 2022). However, it must be noted that countries with conscription rank worse in international 

comparisons because the budget-based military burden does not consider the opportunity cost of con-

scription. 

The prospect of intensified military alliance partnership and membership positively affects economic 

growth (Utrero-González et al. 2019). This must be understood as a different effect from the impact 

of defence spending on economic growth. NATO's protective effect and the public good features of 

defence enable freeriding on the defence expenditure of other member countries. Therefore, the in-

centives to invest in defence may be even lower in a military alliance than outside the alliance–which 

has been the case in Europe before. The current situation has caused countries to increase their in-

vestments in defence and increased their willingness to commit to a two per cent military burden. 

 
Figure 1. Military burden in Finland and Sweden 1960–2021. Military burden describes the share 
of military expenditure on GDP. Data source: SIPRI. 
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Figure 2. Military expenditure in Finland and Sweden 1960–2021. Time series in millions of 
constant 2020 USD. Data source: SIPRI. 

The thesis examines the impact of defence spending on economic growth in Finland and Sweden. 

The countries have previously been investigated as part of the European Union and broader panel 

materials, but no case studies of the countries have been published. This study fills the gap and pro-

vides new up-to-date information on a current topic. Previous research does not provide many com-

parisons in the case of Finland and Sweden, but the results are still evaluated in light of previous 

literature. The analysis is limited to peacetime from 1960 to 2021, so the unique features of a war 

economy are not examined, nor are the possible effects of NATO membership. 

In recent decades, research on the topic has focused on research methods rather than theories and the 

scientific debate on the subject has been characterised by criticism. Three main approaches dominate 

the empirical literature: the Feder-Ram model (Feder 1983; Ram 1986; Biswas and Ram 1986), the 

augmented Solow growth model (Mankiw et al. 1992; Dunne et al. 2005), and the vector autoregres-

sion approach. Methods can lead to different results (e.g. Dunne et al. 2005; Churchill and Yew 2017), 

and the resulting differences are often difficult to distinguish from other causes of heterogeneity. 

The vector autoregression approach is applied in the study due to its straightforwardness and flexi-

bility, taking into account the considerations of Dunne and Smith (2010). Their main criticism was 

related to the inapplicability of Granger causality (1969) to the analysis of causal relationships, the 

sensitivity of results to model specification, and the instability of results between time periods and 

countries when the parameters are non-structural. The analysis is built on a structural model, as sug-

gested. Granger causality is examined for comparison and the problematic nature of the concept is 

discussed because of its central position in the history of the research topic. 

Whereas single-equation growth models fall under the unrealistic assumption of unidirectional cau-

sality from defence spending to economic growth, the vector autoregression approach does not 
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require strict assumptions about the direction of causality. However, the identification of a structural 

model has been seen as an insurmountable problem, as determining both relationships would require 

some exogenous strategic or political variable (Dunne and Smith 2010). The view is challenged by 

suggesting that partial identification can be accepted, as only the impact of defence spending on eco-

nomic growth is of interest. 

The main tools for analysis are Granger causality, impulse responses, forecast error variance decom-

positions, and historical decompositions. Granger causality is examined using standard reduced form 

models, while structural models are identified for impulse response and decomposition analysis. Con-

ditional heteroskedasticity in the Swedish model requires special tools: a heteroskedasticity-con-

sistent covariance matrix (White 1980) for Granger causality tests and statistical identification via 

smooth transition (co)variances in the case of the structural model. 

The analysis of Finland is repeated for the shorter post-Cold War period after the primary analysis, 

as it has been suggested to lead to more evident results (Dunne and Tian 2013). The section also 

addresses concerns about the sensitivity of the results to the time period. Sweden is excluded from 

the alternative analysis due to the highly misbehaving time series during the shorter period. Since the 

alternative analysis is only intended to support the actual analysis, it is unnecessary to introduce a 

completely new estimation strategy for Sweden. 

In light of the recent literature, it was expected to find a neutral or slightly negative impact that might 

not be significant for either country. The majority of the 21st century research supports a negative or 

neutral impact, and it has been recently suggested that the negative effects of defence spending on 

growth have been significantly underestimated in most studies (d’Agostino et al. 2019; Smith 2019). 

The only comparable study on Finland and Sweden (Dunne and Nikolaidou 2012) has found a sig-

nificant negative impact for Sweden and an insignificant positive impact for Finland. This study con-

firms the neutral impact for Finland but suggests a statistically significant positive impact for Sweden, 

raising further questions about the reliability of the unexpected result. 

The study proceeds as follows. The literature review of the second chapter presents theoretical hy-

potheses, key research methods, and empirical evidence. Data and empirical strategy are described in 

the third chapter, while methodology can be found in the fourth chapter. The results from the primary 

analysis are presented in the fifth chapter and the Finnish results from the alternative analysis in the 

sixth chapter. Discussion reflects on the results, the validity of the analysis, and the need for further 

research in the seventh chapter, while conclusions are drawn in the eighth chapter. 
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2 Literature 

Before the 1970s, economists assumed that defence would reduce investment and hurt economic 

growth. Benoit (1973, 1978) began the debate by suggesting that the impact would be positive in 

developing countries. His result was pretty easy to undo due to inadequate methods (e.g. Ball 1983; 

Grobar and Porter 1989), but models began to evolve as the debate started. Although recent studies 

tend to suggest a slightly negative or neutral impact, consensus on the issue has not been reached, 

and many common methods are still widely criticised. 

This chapter reviews previous literature. First, the positive and negative impact hypotheses are dis-

cussed. Second, the models and the methods used in the literature are reviewed and evaluated. Third, 

previous research findings are presented, and their differences are examined. Finland and Sweden 

have only been involved in a few studies on the European Union, so the focus is on the broader 

context. 

2.1 The opposite hypotheses 

The internet, GPS, microwave, and many other significant innovations are spin-offs from military 

research and development. There is no denying that the military has contributed to the development 

of societies, for example, through technology and infrastructure. On the other hand, all consumption 

spent on defence is excluded from other consumption such as health care, education, or civilian re-

search and development. The critical question is whether the positive effects of defence spending 

outweigh the negative impact and opportunity costs.  

The benefits of defence are much more challenging to determine than the costs. The positive impact 

hypothesis argues that defence spending stimulates economic growth through jobs, innovations, pro-

tection, and human capital effects such as education and motivation (Hartley 2020, p. 30–31). For 

example, Finnish Defence Forces is a major employer with more than 12 500 employees. Education 

also affects other sectors: most Finnish truck drivers complete their driving license and professional 

qualification during compulsory military service. 

Defence spending secures investment and promotes beneficial trade through external and internal 

protection (Hartley 2020, p. 30). International trade routes, that tend to run through stable and secure 

areas, can be seen as a public good that promotes global trading opportunities and boosts the economy 

(Hartley 2020, p. 30). The positive effects create wealth and prosperity, and the added value they 

enable is somehow measurable. Nevertheless, it cannot be directly converted to the value of security 
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in the context of defence spending. Determining the exact value of peace and protection might be 

impossible, but its importance is undeniable.  

The negative impact hypothesis emphasises opportunity costs. The so-called crowding-out effect is 

generally discussed with crowding out involving private investment, exports and research and devel-

opment resources (Hartley 2020, p. 31). The main argument is to justify how the defence resources 

could be used more productively in the civilian sector. However, the productivity of alternative spend-

ing is also challenging to measure. How do we know if alternative spending would create more jobs 

or innovations? Or how do we identify the best targets for alternative expenditure? The productivity 

of alternative expenditure will also vary depending on where resources are used.  

Several market failures differentiate the defence market from the competitive market, and most of 

them support the negative impact hypothesis. First, the public good features of defence spending 

provide incentives for free-riding (Hartley 2020, p. 16). This occurs both within countries and be-

tween countries in a military alliance. Within a country, citizens do not have to reveal true preferences 

as they cannot be excluded from defence benefits. In a military alliance, a member can shift the de-

fence burden for other members. Canada and Europe are accused of free-riding on US defence spend-

ing (e.g. Jakobsen 2018; Kim and Sandler 2020), for example.   

Second, defence markets have only a few buyers and sellers characterising competition (Hartley 

2020, p. 17). A government is usually a monopsony buyer at the state level, and some of the few 

sellers might be state-owned. The monopsony buyer can set the attributes of the good and the maxi-

mum purchasing price, making it non-profitable for competitive firms to produce goods (Martí Sem-

pere 2020). Due to the strategic character of defence goods, the government must secure the supply 

when the market misses. This is particularly the case in Europe and explains why state-owned defence 

firms are typical (Martí Sempere 2020). Even if trading is allowed, the result is often a monopoly of 

the winning firm after the competition has been completed (Hartley 2020, p. 50).  

Third, there exist effectiveness problems in the public sector. The armed forces may not be incentiv-

ised to use resources effectively as all efficiency incentives provided by the competition, capital mar-

ket and profit are missing. Military commanders are not rewarded or penalised through gains and 

losses, but they still have to make choices under uncertainty. Politicians who decide on defence 

spending are motivated to gather votes. On the other hand, private markets and other public sectors 

can also fail, so it cannot be assumed that alternative spending targets perfect markets. (Hartley 2020, 

p. 55–56.) 
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When Benoit (1973, 1978) introduced his positive impact hypothesis, he stressed that the opportunity 

cost of defence is lower in developing countries than in developed countries. Probably money not 

spent on defence is directed to low-productivity targets such as consumption or social investments, 

and institutes may be weak and waste resources. In developing countries, defence programs may 

develop society through projects covered by alternative consumption in developed countries. Health 

care and infrastructure (e.g. roads and airports) provided by the military can make up for the lack of 

services that the government cannot provide, for example.  

Hence, the variables of the hypotheses may have opposite influences in developed and less developed 

countries. In developed countries, the role of civil infrastructure and public services is more signifi-

cant. Alternative uses of defence spending such as hospitals, schools and social benefits may contrib-

ute to growth more favourable than weapons and soldiers (Hartley 2020, p. 30–31). Benoit (1973, 

1978) agreed with previous literature that the impact would be damaging in more developed coun-

tries. 

When it comes to technological spin-offs, assumptions must be made critically. Military research and 

development is probably more productive in developed countries due to a higher level of human 

capital. However, there exists civilian research and development as well. It is difficult to determine 

which one is more productive. While military scientists may develop new ways to kill, civilian sci-

entists may develop new medicines that save lives. Despite common examples, many defence inno-

vations are not valuable for civilians. The use of spin-offs as a justification for defence spending is 

problematic because those are not its primary aim. (Hartley 2020, p. 41.) 

Not all countries even have a defence industry. The role of domestic industry and arms trade is ig-

nored in most literature. Some papers consider the heterogeneity of nations (e.g. Dunne and Tian 

2015), but the size of the domestic arms industry is not included in the classification. It would be 

reasonable to assume that the effects of arms acquisition on economic growth may be more positive 

if arms are produced domestically rather than purchased abroad. A domestic investment may create 

jobs, for example, and the opportunity cost will decrease. On the other hand, if significant effective-

ness problems exist in the domestic industry, it might be better to buy abroad.  

Defence is also a key factor related to indebtedness (Dunne and Uye 2010). The background is both 

the necessity of defence and rising costs. According to Augustine (1987, p. 140) and numerous sub-

sequent studies, the unit cost of certain high technology hardware, like a tactical aircraft, is increasing 

exponentially. While technical progress often leads to a decrease in prices in the private sector, prices 

rise in the defence sector due to expensive developing processes and inefficient national monopolies 



 

 

 

14 

(Hartley 2020, p. 32). Especially in the case of developing countries, it has been shown that defence 

spending increases external debt, which may affect economic development negatively (e.g. Dunne et 

al. 2004; Azam and Feng 2014).  

Overall, the hypotheses about the impact of defence spending on economic growth are often based 

on vague assumptions. Various models have been created to prove them, but nothing so successful 

has been achieved that the debate would have led to a consensus. The following section joins the 

discussion by introducing the economic models and empirical methods used in previous research.  

2.2 Models and methods  

A production function is used to show the relationship between inputs and outputs. Defence inputs 

consist of technology (A), capital (K) and labour (L). Technology is the result of military research 

and development. Capital includes all physical property of the military: infrastructure, military bases, 

equipment, spare parts and so on. All military personnel construct labour, including conscripts, vol-

unteers, reservists, and contractors with permanent staff. Therefore, the military production function 

can be expressed as Q = f (A, K, L). (Hartley 2020, p. 18–19.) 

Even though the production function is an attractive concept, it is problematic in the context of de-

fence. As discussed earlier, inputs and outputs are challenging to measure. The market prices can be 

calculated for inputs, but several problems still exist. The price of conscripts does not generally con-

sider opportunity cost–or many defence goods like arms do not even have a market price (Hartley 

2020, p. 20). Prices can vary depending on political aspirations or diplomatic relations. It is also 

unrealistic to assume that factor inputs are arranged to minimise costs (Hartley 2012).  

The functional form of the military production function is unclear. Only a few papers have tried to 

estimate it. Smith and Smith (1980) were the first who form an explicit production function that 

considered both inputs and outputs. A conventional approach just assumes that inputs equal outputs 

(Hartley 2012), which seems quite unrealistic. Because the demand side problems are more manage-

able than the supply side problems, it is nowadays common to concentrate only on the demand side 

(Dunne and Nikolaidou 2012).  

Cost-effectiveness studies tackle the issues of the output side by replacing output with effectiveness 

measures. The studies estimate effectiveness using military capabilities or performance measures 

such as the number of soldiers or destroyed planes per day (Hildebrand 1999). One effectivity ap-

proach uses defence inputs to estimate the probability of winning a conflict (Middleton et al. 2006). 
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This kind of review is generally limited, not all defence spending is examined, and its application to 

macroeconomic analysis can be difficult.  

Macroeconomic models of defence spending and economic growth do not usually require an exact 

military production function because of their problematic nature. The Keynesian framework–together 

with the Neoclassical–is the primary approach among economists. While the Neoclassical perspective 

focuses on the supply side, the Keynesian perspective examines the demand side. Keynesians argue 

that the government uses military expenditure to increase output through multiplier effects when ag-

gregate demand is ineffective (Dunne 1996).  

According to the multiplier effect, an exogenous rise in military spending increases demand and uti-

lisation and reduces unemployment of resources if spare capacity is available (Dunne et al. 2005; 

Dunne and Nikolaidou 2012). Faini et al. (1984) noted that increases in defence spending might in-

crease capacity utilisation, profits and investment if aggregate demand is relatively low compared to 

supply. The main problem of the Keynesian framework is that it fails to focus on the supply-side 

issues while considering the demand side (Dunne and Nikolaidou 2012). Another demand side ap-

proach, the Liberal, emphasises the role of the Military Industrial Complex as a critical contributor 

to defence spending (Dunne 1990). 

The Neoclassical framework views defence spending as a pure public good, focusing on the supply 

side (Dunne and Nikolaidou 2012). The government is considered a supplier who tries to maximise 

national interest by balancing opportunity costs and security benefits of military expenditure (Dunne 

and Nikolaidou 2012). All neoclassical models, like the Feder-Ram model, are typically based on the 

aggregate production function. 

The Marxist approach, which is not so popular among economists, focuses on the defence's socio-

political and strategic aspects (Dunne and Nikolaidou 2012). The main argument is that defence 

spending boosts economic growth by preventing crises. The underconsumptionist theory (Baran and 

Sweezy 1966) suggests that military expenditure benefits economic growth if the economy is at dis-

equilibrium, which supports the positive impact hypothesis in certain conditions. The argument is 

based on the claim that as a capitalist economy grows more affluent, the available surplus grows 

beyond that essential for consumption and investment (Dunne and Nikolaidou 2012).  

Three methods dominate the empirical literature: the Feder-Ram model, the augmented Solow growth 

model, and the vector autoregression approach. The neoclassical Feder-Ram model represents the 

early literature of the research field, and the augmented Solow model the more recent literature of the 
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21st century. Vector autoregression applications were particularly popular around the turn of the mil-

lennium, but have become more common recently with the development of econometric methods. 

Because all methods have weaknesses, it is typical to apply more than one method and compare the 

results (e.g. Heo 2010; Wijeweera and Webb 2012; Augier et al. 2017).  

Next, three key methods are presented and the main criticism is discussed. The review of methods is 

technical because research on the topic is focused on the details of the methods in recent decades. 

The section on empirical results considers more empirical perspectives and whether the methods lead 

to different results. 

2.2.1 Feder-Ram model 

The Feder-Ram model (Feder 1983; Ram 1986; Biswas and Ram 1986) uses an aggregate production 

function to estimate the impact of defence spending on economic growth. The model directly links 

the theoretical model to the economic specification, which explains its popularity (Dunne et al. 2005). 

The following presentation of the Feder-Ram model is based on the papers by Biswas and Ram (1986) 

and Dunne et al. (2005).  

The two-sector Feder-Ram model distinguishes the military output 𝑀𝑀 from the civilian output 𝐶𝐶: 

𝑀𝑀 = 𝑀𝑀(𝐿𝐿𝑚𝑚,𝐾𝐾𝑚𝑚)          𝑎𝑎𝑎𝑎𝑎𝑎          𝐶𝐶 = 𝐶𝐶(𝐿𝐿𝑐𝑐 ,𝐾𝐾𝑐𝑐 ,𝑀𝑀) = 𝑀𝑀𝜃𝜃𝑐𝑐(𝐿𝐿𝑐𝑐 ,𝐾𝐾𝑐𝑐) (2.1) 

with homogenous labour 𝐿𝐿 and capital 𝐾𝐾. The latter expression of the civilian output describes the 

external effects of military production on civilian production. The constraints for the factor endow-

ments are given as  

𝐿𝐿 = � 𝐿𝐿𝑖𝑖
𝑖𝑖∈𝑆𝑆

, 𝐾𝐾 = � 𝐾𝐾𝑖𝑖
𝑖𝑖∈𝑆𝑆

, 𝑎𝑎𝑎𝑎𝑎𝑎        𝑆𝑆 = {𝑚𝑚, 𝑐𝑐}. (2.2) 

The domestic income is the sum of output values of both sectors 

𝑌𝑌 = 𝑀𝑀 + 𝐶𝐶, (2.3) 

and can be written as 

𝑌𝑌 = 𝑃𝑃𝑐𝑐𝐶𝐶𝐶𝐶(𝐿𝐿𝑐𝑐 ,𝐾𝐾𝑐𝑐,𝑀𝑀) + 𝑃𝑃𝑚𝑚𝑀𝑀𝐶𝐶(𝐿𝐿𝑚𝑚,𝐾𝐾𝑚𝑚), (2.4) 

after the implicit price normalisation. 𝑃𝑃𝑐𝑐 and 𝑃𝑃𝑚𝑚 are the constant unitary money prices associated with 

the real output quantities 𝐶𝐶𝐶𝐶 and 𝑀𝑀𝐶𝐶. Equation (2.3) is called as “butter and guns” equation.  

The values of the marginal products are allowed to vary across sectors by a constant uniform propor-

tion 𝛿𝛿 depending on the prices:  
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𝑃𝑃𝑚𝑚𝑀𝑀𝐶𝐶𝐿𝐿
𝑃𝑃𝑐𝑐𝐶𝐶𝐶𝐶𝐿𝐿

=
𝑃𝑃𝑚𝑚𝑀𝑀𝐶𝐶𝐾𝐾
𝑃𝑃𝑐𝑐𝐶𝐶𝐶𝐶𝐾𝐾

= 1 − 𝛿𝛿. (2.5) 

From these equations, the growth equation can be derived, taking the form 

𝑌𝑌� =
𝐶𝐶𝐿𝐿𝐿𝐿
𝑌𝑌

𝐿𝐿� + 𝐶𝐶𝐾𝐾
𝐼𝐼
𝑌𝑌

+ �
𝛿𝛿

1 + 𝛿𝛿
− 𝐶𝐶𝑚𝑚�

𝑀𝑀
𝑌𝑌
𝑀𝑀 � (2.6) 

or 

𝑌𝑌� =
𝐶𝐶𝐿𝐿𝐿𝐿
𝑌𝑌

𝐿𝐿� + 𝐶𝐶𝐾𝐾
𝐼𝐼
𝑌𝑌

+ �
𝛿𝛿

1 + 𝛿𝛿
− 𝜃𝜃�

𝑀𝑀
𝑌𝑌
𝑀𝑀� + 𝜃𝜃𝑀𝑀� , (2.7) 

where 𝐼𝐼 = 𝑎𝑎𝐾𝐾 is the net investment. The final term of equation (2.7) comes from the fact that the last 

term of equation (2.1) entails the constant elasticity of 𝐶𝐶 with respect to 𝑀𝑀.  

The difference between (2.6) and (2.7) is that hypothesis testing is possible with equation (2.6) only 

if 𝐶𝐶𝑚𝑚 and 𝛿𝛿 equal zero. From equation (2.7) it is possible to estimate the externality effect 𝐶𝐶𝑚𝑚 and the 

marginal factor productivity differential effect 𝛿𝛿 separately. The growth equations can be estimated 

using time series for a single country (e.g. Atesoglu and Mueller 1990; Augier et al. 2017) or cross-

country data (e.g. Biswas and Ram 1986, Murdoch et al. 1997).  

The Feder-Ram model may be historically the most significant in the defence literature but has not 

been used in mainstream economics. Before the 21st century, the Feder-Ram model was considered 

reliable (e.g. Deger and Sen 1995; Sandler and Hartley 1995, p. 208) and was developed by many 

researchers. Mintz and Huang (1990, 1991) separated the military and non-military government sec-

tors because the effects of government spending may vary between sectors. Atesoglu and Mueller 

(1993) included technological progress in the model because they saw that previous research had 

overlooked it.  

Alexander and Hansen (2004) started criticism by suggesting that the Feder-Ram model may include 

a misspecification bias and that the aggregate production function is unsuitable for modelling eco-

nomic growth in this context. The model began to seem more problematic when Dunne et al. (2005) 

showed its problems both from a theoretical and an econometric point of view. The main criticism 

focused on the issues related to multicollinearity between independent variables, the simultaneity 

bias, the static nature stemming from the lack of lagged regressors, and too few possible influences 

on growth.  

It was often interpreted that a nonzero productivity differential 𝛿𝛿 means that one sector is becoming 

more or less efficient than the other. Dunne et al. (2005) argued that this is a common 
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misinterpretation leading to incorrect conclusions: the nonzero 𝛿𝛿 exists when the implicit price ratio 

between the sectors deviates from the marginal rate of the guns-versus-butter tradeoff. The simulta-

neity bias may arise because economic growth will affect the level of defence spending if the share 

of defence spending on economic output is constant. Multicollinearity is due to government spending 

calculation methods and the variables' similarity. (Dunne et al. 2005.) 

While the Feder-Ram model tends to support the positive impact hypothesis, growth models used in 

mainstream economics are more likely to support the negative or zero impact hypothesis. Dunne et 

al. (2005) stated that the results supporting the positive impact hypothesis are primarily due to the 

invalid Feder-Ram model and its weaknesses. Some studies have applied the model after criticism 

and tried to correct its shortcomings. Ando (2018), for example, proved that the multicollinearity 

problem can be resolved by standardisation and externality is not found in the case of the United 

States.  

2.2.2 Growth models 

In the same paper, where Dunne et al. (2005) argued that the Feder-Ram model should not be used, 

they suggested that the augmented Solow growth model (Mankiw et al. 1992) with Harrod-neutral 

technical process would provide better results. Before them, Knight et al. (1996) had already investi-

gated the topic with the augmented Solow growth model. Since Dunne et al. (2005), the model has 

become very common in the defence literature (e.g. Yakovlev 2007; Keller et al. 2009; Dunne and 

Tian 2015; Nikolaidou 2016) and has replaced the Feder-Ram model almost completely.  

The main idea of the augmented Solow growth model is that the share of defence spending affects 

factor productivity through a level effect on the efficiency parameter that controls labour-augmenting 

technical change (Dunne et al. 2005). In other words, a permanent change in the share of defence 

spending does not affect the long-run steady-state growth rate but may permanently affect per capita 

income along the steady-state growth path (Dunne and Tian 2015). There might also be some effects 

of the share of defence spending on the transitory growth rates along the path to the new steady-state 

equilibrium (Dunne and Tian 2015). The model is next presented following the original paper by 

Dunne et al. (2005).  

As previously, 𝐿𝐿 denotes labour, 𝐾𝐾 is the capital stock, and 𝑌𝑌 is the aggregate real income. The ag-

gregate neoclassical production function is given as 

𝑌𝑌(𝑡𝑡) = 𝐾𝐾(𝑡𝑡)𝛼𝛼[𝐴𝐴(𝑡𝑡)𝐿𝐿(𝑡𝑡)]1−𝛼𝛼 (2.8) 
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with the technology parameter 

𝐴𝐴(𝑡𝑡) = 𝐴𝐴𝑜𝑜𝑒𝑒𝑔𝑔𝑔𝑔𝑚𝑚(𝑡𝑡)𝜃𝜃, (2.9) 

where 𝑔𝑔 is the Harrod-neutral technical process and 𝑚𝑚 is the share of military spending in GDP. Har-

rod-neutral technical process is labour-saving, meaning that the labour force in efficiency units in-

creases faster than the number of workers available (Black et al. 2009).  

The dynamics of capital accumulation are described as 

�̇�𝑘𝑒𝑒 = 𝑠𝑠𝑘𝑘𝑒𝑒𝛼𝛼 − (𝑔𝑔 + 𝑛𝑛 + 𝑑𝑑)𝑘𝑘𝑒𝑒 ⇔ 𝑠𝑠𝑒𝑒(𝛼𝛼−1) ln𝑘𝑘𝑒𝑒 − (𝑔𝑔 + 𝑛𝑛 + 𝑑𝑑) (2.10) 

where 𝛼𝛼 is the constant capital-output elasticity and 𝑘𝑘𝑒𝑒  denotes the effective capital-labour ratio. 

Equation (2.10) assumes the standard Solow model assumptions of an exogenous saving rate 𝑠𝑠, a 

constant labour force growth rate 𝑛𝑛, and a given rate of capital depreciation 𝑑𝑑. 

The steady-state level of 𝑘𝑘𝑒𝑒 is  

𝑘𝑘𝑒𝑒∗ = �
𝑠𝑠

𝑔𝑔 + 𝑛𝑛 + 𝑑𝑑
�

1
1−𝛼𝛼

. (2.11) 

After linearizing equation (2.10) via a truncated Taylor series expansion around the steady-state and 

using equation (2.11), we get  

𝜕𝜕 ln𝑦𝑦𝑒𝑒
𝜕𝜕𝑡𝑡

= (𝛼𝛼 − 1)(𝑔𝑔 + 𝑛𝑛 + 𝑑𝑑)(ln 𝑦𝑦𝑒𝑒(𝑡𝑡) − ln𝑦𝑦𝑒𝑒∗) (2.12) 

and  

𝑦𝑦𝑒𝑒∗ = �
𝑠𝑠

𝑔𝑔 + 𝑛𝑛 + 𝑑𝑑
�
𝛼𝛼

1−𝛼𝛼
, (2.13) 

where 𝑦𝑦𝑒𝑒∗ = 𝛼𝛼 ln 𝑘𝑘𝑒𝑒. Equation (2.12) describes the transitory dynamics of output per effective labour 

unit in a neighbourhood of the steady-state, and equation (2.13) is the steady-state level of output per 

effective labour unit.  

In the steady-state, per capita income evolves according to 

ln𝑦𝑦 ∗ (𝑡𝑡) = ln𝑦𝑦 ∗ + ln𝐴𝐴𝑜𝑜 + 𝜃𝜃 ln𝑚𝑚 ∗ + 𝑔𝑔𝑡𝑡 (2.14) 

where 𝜃𝜃 describes the elasticity of steady-state income with respect to the long-run military spending 

share. The original paper (Dunne et al. 2005) discusses how equation (2.12) can be operationalised 

for empirical work and how the equation is usually estimated.  
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The advantage of the augmented Solow model is that it tackles the issues of the Feder-Ram model. 

Dunne et al. (2005) emphasised three main features: dynamics, a lower likelihood of multi-collinear-

ity, and a better specification of labour input. Because the model is dynamic and includes a lag of 

defence spending, the current and delayed effects of defence spending are testable (Heo 2010). The 

lower likelihood of multicollinearity is due to the exclusion of nonmilitary government spending and 

externality effects (Dunne et al. 2005). The labour input is better specified because it includes capital 

depreciation and technological progress (Dunne et al. 2005). 

Despite its popularity and potentially better performance than the Feder-Ram model, the augmented 

Solow model also has weaknesses. It loses some benefits of the Feder-Ram model by correcting the 

issues. Although Dunne et al. (2005) argued that the likelihood of multicollinearity is decreased, the 

inclusion of both current and lagged defence spending in the model increases the possibility of mul-

ticollinearity between the two terms due to the trend of defence spending (Heo 2010). Also, the ex-

clusion of nonmilitary government spending and the externality effect terms of military and nonmil-

itary government spending to reduce multicollinearity makes the externality effects of government 

spending and the impact of nonmilitary government spending untestable (Heo 2010). 

Aizenman and Glick (2003) suggested that the Barro model (1990) could be used to study the impact 

of military spending and economic growth. Dunne et al. (2005) also considered the Barro model as a 

potential framework for this context. Still, it has not become widespread in the same way as the 

augmented Solow model, probably due to its complexity. The Barro model allows for forms of tax-

financed government spending, which can influence the output through the production function and 

has a utility function for the representative agent (Dunne et al. 2005). The government spending has 

a non-linear effect on growth produced by the interaction between productivity-enhancing and tax-

distorting effects of increases in government expenditure (Dunne et al. 2005). 

The Barro model considers security that is often omitted from theoretical models. Aizenman and Gick 

(2003) suggested that military spending caused by external threats should increase output by increas-

ing security. On the other hand, they note that military spending caused by rent-seeking and corrup-

tion should reduce growth by displacing productive activities. Dunne et al. (2005) point out that the-

ory presented is partly hypothetical: Aizenman and Gick (2003) do not explicitly estimate theoretical 

equations. A recent paper by d’Agostino et al. (2020) applies the Barro model together with the model 

of Mauro (2004) to investigate the impact of military spending and corruption on economic growth.  
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2.2.3 Vector autoregression approach 

While many studies approach the topic through theoretical growth models, some examine the rela-

tionship between defence spending and economic growth using only time series methods–mainly 

various vector autoregression applications. The VAR approach was more popular before the aug-

mented Solow model became common, especially in the 1990s and early 2000s. The attraction–and 

a potential weakness–of the VAR approach is that analysis is made only based on past data without 

any theoretical model.  

The appropriate estimation strategy among vector autoregression applications is typically chosen 

based on time series properties: integration and cointegration. A standard vector autoregression model 

is a common application when cointegration does not occur–in levels (e.g. Gomez-Trueba et al. 2020) 

or differences (e.g. Özsoy 2008) depending on the status of integration. If cointegration occurs in 

addition to integration, a vector error correlation model (e.g. Chang et al. 2015) is more appropriate. 

Other strategies like the factor augmented vector autoregression model (e.g. Gupta et al. 2010) also 

exist. Technicalities and definitions are described more precisely in Chapter 4, as the VAR approach 

is applied in this study. 

The empirical analysis of the topic is often limited to Granger causality when the VAR approach is 

applied. The crucial–and common–mistake is to make economic interpretations based on the concept. 

Granger causality answers the limited question of whether the time series help predicts another time 

series, and the results do not have an economic interpretation (Kilian and Lütkepohl 2017, p. 47–48). 

Therefore, the Granger causality tests alone do not offer relevant information on the topic and cannot 

be used to examine causal relationships.  

The reputation of vector autoregression research on the subject has deteriorated due to frequent mis-

use and careless interpretation in the case of Granger causality. Probably the most important criticism 

is published by Dunne and Smith (2010). Their comments were partly related to misinterpretations 

and the applications of methods without sufficient expertise. At first, Dunne and Smith (2010) argued 

that determining the relation between military spending and economic growth requires a well-identi-

fied structural model because Granger causality does not have an economic interpretation. Second, 

they noted that the tests performed in the context of vector autoregression are highly sensitive to the 

specification. Third, the results may be unstable over different time periods or countries.  

Like in the case of the Feder-Ram model, the criticism by Dunne and Smith (2010) has affected vector 

autoregression applications. Almost all appropriate papers published since then tell how they address 
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the issues raised in the paper. Although Dunne has spoken in favour of the augmented Solow model, 

he has also been involved in developing vector autoregression studies. The case study of South Africa 

(Dunne et al. 2014) considered the possibility of structural breaks by applying new econometric meth-

ods–bootstrap tests and a rolling window estimation approach.  

The VAR applications are becoming more common again due to the development of econometric 

methods. Nevertheless, structural analysis is very rarely performed. An identified structural model 

allows determining the relationship between the two notions of causality but requires solving the 

identification problem (Dunne and Smith 2010). Identification has been seen as an insurmountable 

problem in this context, as determining both relationships would require some exogenous strategic or 

political variable that is difficult to find (Dunne and Smith 2010). The view is challenged in this study 

by suggesting that partial identification can be accepted, as only the impact of defence spending on 

economic growth is of interest. 

The advantages of the vector autoregression approach come from simplicity compared to other meth-

ods. Dunne et al. (2014) argued that they use the Granger causality test in the context of VAR because 

the bivariate examination avoids the complexity of theoretical arguments, and recently developed 

tools make it possible to investigate structural stability and tackle the issues. Kollias–who may have 

applied vector autoregression methods the most in this context–also emphasises flexibility and athe-

oretical feature: Granger causality treats all the variables in the system as endogenous and independ-

ent, and they can be seen as a system of equations rather than a theoretical one-equation model (Kol-

lias et al. 2004; Kollias and Paleologou 2017). 

Compared to growth models, a significant advantage of the VAR approach is that the direction of 

causality need not be assumed but can be studied (Dunne and Tian 2013). Joerding (1986) initially 

questioned the usual assumptions of the single-equation approach that the causality goes from mili-

tary expenditure to economic growth and military expenditure is exogenously determined. This argu-

ment was one of the main reasons why Granger causality became common. Recent results by d’Ago-

stino et al. (2019) proved that the endogeneity problem arising from reverse causality is a significant 

problem in growth models but can be fixed with instrumental variables leading to a more significant 

negative impact of military expenditure on economic growth.  
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2.3 Empirical evidence  

The nexus between defence spending and economic growth has been studied using different methods 

without reaching a consensus. The literature initially focused on developing countries and the United 

States but has since expanded to cover the entire world. Cross-country panel studies dominate the 

literature nowadays, but case studies are still needed to investigate the dynamic nature of the rela-

tionship and country-specific issues (Dunne et al. 2014). This section presents empirical results and 

discusses the potential reasons for their heterogeneity. 

The positive impact hypothesis was initially supported by evidence from developing countries with 

lower opportunity costs (Benoit 1973, 1978). Although the claim was rejected due to the inaccuracy 

of the methods (e.g. Ball 1983; Grobar and Porter 1989), some studies confirmed some parts of the 

hypothesis. For example, Deger and Smith (1983) found a small positive effect on growth through 

the modernisation effect in developing countries, but a more significant negative impact through sav-

ings overweighted it. 

In light of the majority of literature, the positive impact caused by lower opportunity costs in devel-

oping countries seems to be a myth. Research from the 21st century tends to support the negative or 

neutral impact regardless of the level of development (Dunne and Tian 2013). A significant negative 

impact in developing countries has been observed by various methods: simultaneous equation meth-

ods (Galvin 2003, analysed 64 countries), the augmented Solow growth model (Hou and Chen 2013, 

analysed 35 countries), and a bivariate heterogeneous panel causality–GMM and SGMM–estimation 

techniques (Saba and Ngebah 2019, analysed 35 countries), for example.  

Galvin (2003) suggested that the negative impact might be more significant for middle-income na-

tions with less gain from defence sector spill-overs. Smaldone, in turn, (2006) argued that the negative 

impact is more substantial in African countries experiencing legitimacy or security crises. Dunne 

(2012) agreed with Smaldone that the military burden of African countries is usually linked to secu-

rity realities. His results by the augmented Solow model indicated a significant adverse effect in the 

short run but not in the long run. 

The explanation for the different results between countries may depend on factors other than the level 

of development. In addition to the level and nature of development, heterogeneity exists in terms of 

the defence industry, the state of neighbours, and the degree of the military’s involvement in the 

governance of the state within developing countries (Dunne and Tian 2013). Panel studies, which 
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have been particularly common in recent times, are sensitive to how heterogeneity is considered in 

the estimation (Dunne and Smith 2020).  

Differences in results may also be due to various research methods. For example, the Feder-Ram 

model tends to be more likely to lead to a positive result. Awaworyi Churchill and Yew (2017, re-

viewed 48 studies) suggested that underlying theoretical models, econometric specifications, data 

type, and time period explain the heterogeneity of the results. Unlike most reviews, their analysis 

considered differences between empirical methods, increasing the value of their research despite the 

small sample.  

The earliest reviews about research on military expenditure and economic growth (Ram 1995; Dunne 

1996; Smith 2000) did not provide simple answers. Smith (2000) suggested that a small negative 

effect might exist in the long run, but his evidence was not strong. Newer and more comprehensive 

reviews (Dunne and Uye 2010, reviewed 103 studies; Dunne and Tian 2013, reviewed 168 studies) 

provide slightly more apparent conclusions supporting a slightly negative or neutral effect. However, 

positive results are still being published, and the explanation for them remains unclear. 

Only Alptekin and Levine (2012, reviewed 34 studies), Awaworyi Churchill and Yew (2017, re-

viewed 48 studies), and Yesilyurt and Yesilyurt (2019, reviewed 121 studies) have conducted a quan-

titative meta-analysis on the topic, so most of the reviews are qualitative. Adding 14 studies to the 

analysis of Alptekin and Levine (2012), Awaworyi Churchill and Yew (2017) supported the odd 

result that a positive impact is more pronounced for developed countries than less developed coun-

tries. Yesilyurt and Yesilyurt (2019) were more aligned with qualitative reviews suggesting that nei-

ther positive nor negative impact exists. 

The most comprehensive review (Dunne and Tian 2013), which complements an earlier survey of 

Dunne and Uye (2010) by adding developed countries into the analysis, reports that 38% of studies 

have found a negative impact and 23% have found a positive one. For the rest, the impact has been 

neutral or unclear. The results show that case studies are less likely to support the negative impact 

hypothesis than cross-country studies. Unfortunately, differences between empirical methods were 

not considered. 

The use of post-Cold War data might provide more consistency: it increases the likelihood of negative 

impact in cross-country studies and the likelihood of positive impact in case studies. While the neg-

ative impact is supported approximately by 53% of post-Cold War data cross-country studies, only 

38% of the Cold War data cross-country studies support it. 30% of case studies using post-Cold War 
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data support the positive impact, which is more than the 21% fraction of the case studies using pre-

dominately Cold War-period data. (Dunne and Tian 2013.) 

Dunne and Tian (2013) explained that the increased variation in the data after the Cold War may 

provide a higher signal-to-noise ratio, which improves the performance of econometric analyses. 

They suspected the negative impact will become more pronounced as the post-Cold War time series 

lengthen and econometric methods develop. The hypothesis and the significance of a time period are 

tested in the alternative analysis presented in Chapter 6. 

Although it appears that case studies are more likely to support the positive impact and cross-country 

studies the negative impact, a selection bias may exist: the case studies finding a positive impact 

apply to specific countries like the United States, Greece, Turkey, India, and Pakistan (Dunne and 

Tian 2013). It is noteworthy that Turkey and Greece have had mutual tensions, as well as India and 

Pakistan. Hence, support for the positive impact is not in line with the suggestion of Smaldone (2006) 

and Dunne (2012) that tensions make the negative effects more substantial.  

The world's largest military power, the United States, is a special case that has interested researchers 

on the topic for decades. United States defence spending of 801 billion dollars accounted for 38% of 

the entire world's defence spending in 2021 (Silva et al. 2022). Military research and development, 

whose budget has grown by 24% in real terms in ten years (Silva et al. 2022), has created most of the 

world’s significant military spin-offs. Dozens of studies about the country have been published, but 

reaching a consensus seems even more complex than with the subject in general. The literature on 

the defence industry in particular is contradictory and rather outdated. 

When Atesoglu and Mueller (1993) included technological processes in the Feder-Ram model to 

examine the United States, they stated that the spillover effect from military expenditure into civilian 

production activities is not significant. On the other hand, using the Malmquist productivity index 

MPI with bootstrapping, Wang et al. (2012) showed that the United States' arms sales boost its de-

fence industry and strongly contribute to America's overall productivity, while only a weak link exists 

between military expenditure and economic productivity in the EU.  

Job creation is one of the main variables used to explain support for the positive impact hypothesis 

in the United States. Although the defence sector has been criticised for its efficiency problems, Cuar-

esma and Reitschuler (2004) argued that defence spending is economically more efficient in job cre-

ation than other expenditures due to lower salaries in the United States defence sector compared to 

the private sector. Sandler and Hartley (1995, p. 201) agreed that the effect of job creation might be 
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positive during unemployment, but the effect will disappear once the economy reaches higher em-

ployment. 

The negative impact hypothesis emphasises the opportunity cost of labour. Many studies (e.g. Hong 

1979; Ward and Davis 1992) have shown the civilian sector to be more productive than the defence 

sector. Melman (1983) argued that defence industries attract highly educated workers, causing a 

draining effect on human resources for the private sector. Other evidence in favour of negative effects 

concerns government budget deficit, inflation and investments. Defence spending decreases invest-

ment in the United States through competition for the nonconsumption portion of total economic 

output (Minz and Huang 1991). 

Studies examining the countries of the European Union began to be published since the Common 

Security and Defence Policy CSDP was founded in 1999. Finland and Sweden have been investigated 

as part of these studies (Kollias et al. 2004, 2007; Mylonidis 2008; Kollias and Paleologou 2010, 

2016; Dunne and Nikolaidou 2012; Chang et al. 2015; Topcu and Aras 2017), but case studies of the 

countries have not been conducted. Almost all studies conclude a slight negative or no significant 

connection between defence spending and economic growth in the European Union. The methods of 

panel studies differ slightly from case studies, so there is a need for country-specific research as well.  

The majority of panel studies do not even present country-specific results, so there are only a few 

previous research results for Finland and Sweden. Dunne and Nikolaidou (2012) found a positive 

impact in the case of Finland, while the positive relationship is observed in the case of Sweden only 

by Kollias et al. (2004, 2007). However, Kollias et al. (2004, 2007) suspiciously used Granger cau-

sality without a structural model. The results of Kollias and Paleologou (2010, 2016) are more reliable 

and more consistent with other studies indicating that neither positive nor negative effect occurs. 

The slight negative or neutral effect in Europe is supported using several methods: panel vector au-

toregression (Kollias and Paleologou 2010, 2016), panel vector error correction (Chang et al. 2015), 

the Barro model (Mylonidis 2008), and the Solow model (Dunne and Nikolaidou 2012), for example.  

Chang et al. (2015) and Topcu and Aras (2017) restrict their examination to the post-Cold War era, 

but their results do not confirm the argument of Dunne and Tian (2013) that this would lead to more 

evident support for the negative impact. 

All studies describe Finland as an economically weak country with a very low defence burden, while 

Sweden is described as a rich country with high defence spending and significant defence industry. 

The interpretation seems a bit wrong from a Finnish point of view: Finland is one of the few 
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conscription countries in Europe, so its military burden is underestimated in international compari-

sons. Despite that, Finland’s defence burden is greater than Sweden’s (Figure 1).  

Most of the literature has focused on aggregate defence spending due to the restrictions of available 

data. However, statistics and data availability are evolving. Becker and Dunne (2021) investigated 

whether the composition of military budgets affects economic growth. They found out that the nega-

tive effect of military expenditure on economic growth is driven primarily by personnel and operating 

costs. Significant differences exist between the different compositions in terms of productivity and 

effectiveness. Further study of the components of defence spending could help understand the impact 

mechanism and the heterogeneity, bringing research closer to consensus.  

Overall, it seems that the adverse effects of defence spending on economic growth outweigh the pos-

itive impact in most countries. d’Agostino et al. (2019) and Smith (2019) have recently stated that 

the negative effects of defence spending on growth have been significantly underestimated in most 

studies. Positive results are nowadays either isolated cases or concern specific countries. Because the 

discussion has focused on the problems of methods, a better understanding of their limitations is 

likely to lead closer to a consensus as well.  
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3 Data and empirical strategy 

This chapter begins with a description of the data and proceeds with a presentation of the empirical 

strategy. The methodology relevant to the empirical strategy is introduced in the next chapter. 

3.1 Data 

Stockholm International Research Institute SIPRI provides widely used data on military expenditure. 

Finnish and Swedish data are available since 1960, so the study examines the period from 1960 to 

2021. Data are based on a NATO definition that differs from many national statistics on defence. In 

Finland, defence expenditure is recorded only in the administrative sector of the Ministry of Defense. 

By the NATO definition, military expenditure includes all current and capital spending on the armed 

forces, including peacekeeping, defence ministries, other relevant government agencies, paramilitary 

forces, and military space activities.  

Civil defence and current expenditure for previous military activities, such as veteran’s benefits, de-

mobilisation, and weapons destruction, are excluded from the NATO definition. However, there is 

an exception in the database. Finland's military expenditure includes pensions and paramilitary 

forces. Swedish data are reported entirely according to the NATO definition. This slight difference is 

not a threat to the analysis, as although the results of the countries are compared, the empirical re-

search was done separately.  

The opportunity cost of conscription is not considered in common budget-based ways of recording 

defence spending. For this reason, defence spending is underestimated in countries with mandatory 

military service. This involves both the Finnish and Swedish time series, although the military service 

system in Sweden has changed in recent decades. The issue might be significant in terms of the re-

search question: conscription has a statistically significant negative impact on economic performance 

in OECD countries (Keller et al. 2009), and the effects of conscription on education and the labour 

market are significant in Finland (Uusitalo and Korkeamäki 2011; Alho and Nikula 2012). 

A straightforward way to calculate the actual cost of compulsory military service would be to deter-

mine the opportunity cost of military service based on the net salary level and deduct the compensa-

tion received by conscripts. On this basis, the cost of conscription in Finland is approximately 0.4 per 

cent of GDP. A more detailed calculation would also consider the complete maintenance of con-

scripts, the rules limiting their time use, and long-term effects on education and employment. (Kaitila 

and Määttänen 2021.) 
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Unfortunately, no such measures have been made in any available databases. Statistics on defence 

spending are always based on budget spending. Ignoring conscription is perhaps more significant in 

panel studies, but it may lead to an underestimation of negative effects in case studies as well. Data 

provided by SIPRI was used in this study because it is the most comprehensive one. Other similar 

studies also generally use the NATO definition, so using the same data makes it possible to compare 

the results.  

GDP (e.g. Kinsella 1990; Dunne et al. 2001; Kollias et al. 2004, 2007) and unemployment (e.g. Dunne 

and Smith 1990; Tang et al. 2009) are often used to measure defence spending interactions with the 

economy. This paper's examination is restricted to the bivariate relationship between GDP and mili-

tary expenditure because it is the most common combination in the literature and the interest is in 

economic growth. The analysis was conducted using growth rates generated by differencing to 

achieve stationarity.   

It is essential to eliminate inflation from time series when the research engages in real growth. For 

this reason, time series in constant currency were used. GDP for Finland and Sweden was provided 

by World Bank in constant 2015 USD. SIPRI reports military expenditure in constant 2020 USD,  so 

the base year of GDP had to be changed. The cumulative inflation of USD was about 9.2% from 2015 

to 2020, so the change was done by multiplying the values by 1.092.  

Constant prices used in databases are based on general inflation. Defence inflation, which shows the 

average rate of increase in the prices of all goods and services in the defence budget, differs from 

that–it is usually higher (Hartley and Salomon 2016). An increase in defence spending may mean a 

real-term redaction if defence inflation is high. Therefore, constant prices will likely not adjust all 

inflation affecting defence spending. This may appear in the Finnish and Swedish time series, but it 

is challenging to sort out.  

The abbreviations MilExp and GDP are used for the variables throughout the paper. Logarithmic 

variables are considered almost constantly, so the purpose of the format lnMilExp and lnGDP is to 

emphasise the transformation made to stabilise the variance. Substantial forecasting improvements 

from taking logarithms have been found, and there is a consensus on that, but the transformation can 

be damaging if the stable variance is not achieved (Lütkepohl and Xu 2012). The transformation is 

done in almost all other papers on the subject, and it was also applied in this study even though 

conditional heteroskedasticity occurs in Swedish time series. Logarithms were assumed likely to re-

duce heteroscedasticity rather than exacerbate it. 
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3.2 Empirical strategy  

Among alternative approaches, the vector autoregression approach was selected to be applied in the 

study due to its straightforwardness and flexibility. The approach has been carelessly applied in the 

past and has been significantly criticized, but the problems are manageable. The results are highly 

sensitive to all estimation choices: deterministic terms, lag length, sample or observation window 

used, treatment of integration and cointegration, and the significance level. These details, as well as 

other considerations of Dunne and Smith (2010), were considered in the model specification as pre-

cisely as possible. 

The most appropriate model was chosen based on time series properties. The analysis began with 

examining stationarity, a standard assumption of time series methods. A nonstationary process can 

generally achieve stationary with differencing, but it is not optimal if time series are cointegrated. 

Several papers on the subject ignore potential cointegration and perform only unit root tests, which 

raises suspicions of misspecification. By Engle and Granger (1987), the examination of cointegration 

is essential. 

The standard vector autoregression model can be used if time series are stationary or trend-stationary 

in levels. If time series are nonstationary in levels but achieve stationarity in differences, the vector 

autoregression model can be used with differenced data provided that no cointegration exists. If coin-

tegration is confirmed, the optimal approach would be the vector error correction model based on 

stationary linear combinations of integrated variables. Integration and cointegration were tested by 

unit root, trend-stationarity, and cointegration tests. The Finnish and Swedish time series were ob-

served to achieve stationarity in differences without cointegration, so the vector autoregression model 

was applied to both countries. 

The vector autoregression models were estimated by OLS. The lag order was chosen by comparing 

four information criteria, and the adequacy of the model specification was confirmed by testing for 

remaining autocorrelation, conditional heteroskedasticity, and time invariance. Conditional het-

eroskedasticity could be accepted and considered in the identification, but autocorrelation was not 

allowed to occur. The Finnish model was estimated twice with different lag orders due to remaining 

autocorrelation. Conditional heteroskedasticity was observed in the Swedish model, which had to be 

considered as the analysis proceeded. 

The analysis focused on the impact of military expenditure on the gross domestic product. The other 

direction was partly considered but was not the focus of interest. The Granger causality test (1969) 
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was performed to compare the results with previous literature. The concept is not highly informative 

in this context because it does not correspond to the usual notation of economic causality (Dunne and 

Smith 2010), but it has a central position in the history of the research topic. Conditional heteroske-

dasticity was taken into account by applying a heteroskedasticity-consistent covariance matrix (White 

1980) to Sweden, following Pfaff and Stigler (2021). 

Dunne and Smith (2010) stated that determining the relationship between the two notions of causality 

requires an identified structural model. Structural models were estimated after examining Granger 

causality, using a suitable identification strategy based on diagnostic checks. The starting point was 

recursive identification via B-model, but statistical identification via smooth transition (co)variances 

had to be applied for Sweden due to conditional heteroskedasticity. Unlike in previous literature, the 

identification problem was not seen as an insurmountable problem. Partial identification was suffi-

cient, as the object of interest was only the military expenditure shock.  

The relationship between variables was examined by structural impulse response functions, forecast 

error variance decompositions and historical decompositions. The structural analysis distinguishes 

the study from previous literature: Finland and Sweden have not been studied using similar methods 

before. The study of impulse responses is relatively common in the literature on the subject, but the 

analysis is rarely extended to decompositions. They were analysed in this study because their infor-

mation complements the results of the impulse response analysis and helps to evaluate the relation-

ship between variables in the longer term.  

After the primary analysis, the analysis was repeated using post-Cold War data from 1991 to 2021, 

as it has been suggested to lead to more evident results (Dunne and Uye 2010; Dunne and Tian 2013). 

Sweden was excluded from the alternative analysis due to the highly misbehaving time series. The 

alternative analysis aimed to compare the results and test their sensitivity to different time periods 

and estimation choices, so a huge struggle with the Swedish analysis was unnecessary. Alternative 

estimation results for Finland are presented in Chapter 6. 
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4 Methodology 

The vector autoregression methods are used for multivariate time series analysis. The presence of 

several time series complicates the estimation because, in addition to the properties of a time series, 

it is essential to consider how several time series behave together. The estimation must be done care-

fully, evaluating each decision.  

This chapter introduces the vector autoregression methodology and the tools used in the empirical 

analysis. At first, stationarity and its role in the appropriate model specification are discussed. Second, 

the vector autoregression model is defined and the identification of the structural vector autoregres-

sion model is discussed. Third, tools for model specification and empirical analysis are introduced. 

4.1 Stationarity 

Perhaps the most crucial feature for the performance of time series methods is weak stationarity. 

Weak stationarity ensures time invariance of time series, meaning that the expectation is constant 

over time, and the covariance between two observations does not depend on time, only on their dis-

tance. Formally, this can be expressed as 

𝐸𝐸(𝑦𝑦𝑔𝑔) = 𝜇𝜇          𝑎𝑎𝑛𝑛𝑑𝑑          𝐶𝐶𝐶𝐶𝐶𝐶(𝑦𝑦𝑔𝑔 ,𝑦𝑦𝑔𝑔+𝑘𝑘) = 𝛾𝛾𝑘𝑘          𝑓𝑓𝐶𝐶𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡 𝑎𝑎𝑛𝑛𝑑𝑑 𝑘𝑘. (4.1) 

Sometimes weak stationarity is called covariance stationarity, but usually, just the term stationarity 

is used. Stationarity refers to weak stationarity in this study as well. 

Assuming other deviations from stationarity do not exist, stability implies (weak) stationarity. Hence, 

stationarity can be examined by testing the stability condition defined as 

𝑑𝑑𝑒𝑒𝑡𝑡�𝐼𝐼𝑘𝑘 − 𝐴𝐴1𝑧𝑧 − ⋯− 𝐴𝐴𝑝𝑝𝑧𝑧𝑝𝑝� ≠ 0, |𝑧𝑧| ≤ 1. (4.2) 

The interpretation of equation (4.2) is that the roots of the characteristic polynomial lie within the 

unit circle. If 𝑧𝑧 = 1 is one of the roots, a time series is called a unit root process using notation I(1).  

A time series can have a stochastic or deterministic trend. Stationarity can be achieved by estimating 

and removing the trend if it is deterministic. In the case of a stochastic trend, differencing is necessary. 

The order of integration I(d) reports how many differences are required to remove a stochastic trend. 

Hence, d can be higher than one. Johansen (1995) formally defined the order of integration as: 

Order of integration  xt is integrated of order d if xt has the presentation  

                      (1 − L)dxt = C(L)ut, where C(1) ≠ 0 and ut~in(0,Ω). 



 

 

 

33 

Economic time series often requires just one difference to achieve stationarity. The interpretation for 

the first difference of GDP and military expenditure is obvious: the growth rate. 

Differencing does not necessarily make a vector autoregression model optimal. If time series are also 

cointegrated, they move together in the long run, and a vector autoregression model in differences 

fails to capture the long-run tendencies (Granger 1981; Engle and Granger 1987). The definition of 

cointegration (Johansen 1995) is given as: 

Cointegration        The I(d) process yt is cointegrated C(d, b) with cointegrating vector β ≠ 0 

          if  β′yt is I(d − b) with b = 1, … , d.  

In the case of cointegration, a vector error correction model would be an appropriate choice instead 

of a vector autocorrelation model. The literature on defence spending and economic growth often 

ignores the possibility of integration, but in this study, both integration and cointegration were care-

fully examined. A vector autoregression model proved to be appropriate for both countries. Tests for 

integration, trend-stationarity, and cointegration are introduced in Section 4.4. 

4.2 Vector autoregression model 

This section introduces a standard vector autoregression model estimated for Finland (Tables 9 and 

10) and Sweden (Table 11). The following presentations are based on Kilian and Lütkepohl (2017, 

p. 23–24 and 30–32).  

A linear VAR(p) model can be written as 

𝑦𝑦𝑔𝑔 = 𝜇𝜇𝑔𝑔 + 𝑥𝑥𝑔𝑔 , (4.3) 

where 𝜇𝜇𝑔𝑔 is the deterministic part and 

𝑥𝑥𝑔𝑔 = 𝐴𝐴1𝑥𝑥𝑔𝑔−1 + ⋯+ 𝐴𝐴𝑝𝑝𝑥𝑥𝑔𝑔−𝑝𝑝 + 𝑢𝑢𝑔𝑔 (4.4) 

is the stochastic part with zero mean, meaning 𝐸𝐸(𝑦𝑦𝑔𝑔) = 𝜇𝜇𝑔𝑔. A vector 𝑦𝑦𝑔𝑔 (𝐾𝐾 × 1) contains K endoge-

nous variables of interest, and the dimension of 𝐴𝐴𝑖𝑖 is 𝐾𝐾 × 𝐾𝐾 for all  𝑖𝑖 = 1, . . . ,𝑝𝑝. The deterministic 

part 𝜇𝜇𝑔𝑔 may be zero, a constant, or contain a polynomial trend, deterministic seasonal terms, or other 

dummy variables.  

The stochastic error term 𝑢𝑢𝑔𝑔 (𝐾𝐾 × 1) is assumed to be white noise, defined as 

𝐸𝐸(𝑢𝑢𝑔𝑔) = 0,       𝐸𝐸(𝑢𝑢𝑔𝑔𝑢𝑢𝑔𝑔′) = ∑𝑢𝑢,       𝑎𝑎𝑛𝑛𝑑𝑑        𝐸𝐸(𝑢𝑢𝑔𝑔𝑢𝑢𝑠𝑠) = 0     𝑓𝑓𝐶𝐶𝑓𝑓  𝑎𝑎𝑎𝑎𝑎𝑎  𝑡𝑡 ≠ 𝑠𝑠. (4.5)

The white noise assumption ensures that errors are not serially correlated but allows conditional 
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heteroskedasticity. Conditional heteroskedasticity occurs if the variance of the residuals varies related 

to some prior period’s volatility:  

𝐸𝐸(𝑢𝑢𝑖𝑖2�Χ) = 𝜎𝜎𝑖𝑖2   𝑏𝑏𝑢𝑢𝑡𝑡   𝜎𝜎𝑖𝑖2 ≠ 𝜎𝜎𝑗𝑗2. (4.6) 

Using the lag operator 

𝐴𝐴(𝐿𝐿) = 𝐼𝐼𝐾𝐾 − 𝐴𝐴1𝐿𝐿 −⋯− 𝐴𝐴𝑝𝑝𝐿𝐿𝑝𝑝, (4.7) 

the stochastic process (4.4) can be written as 

𝐴𝐴(𝐿𝐿)𝑥𝑥𝑔𝑔 = 𝑢𝑢𝑔𝑔 . (4.8) 

A reduced form VAR(p) model is defined as 

𝑦𝑦𝑔𝑔 = 𝜈𝜈 + 𝐴𝐴1𝑦𝑦𝑔𝑔−1 + ⋯+ 𝐴𝐴𝑝𝑝𝑦𝑦𝑔𝑔−𝑝𝑝 + 𝑢𝑢𝑔𝑔 , (4.9) 

where 𝜈𝜈 = 𝐴𝐴(𝐿𝐿)𝜇𝜇0 = 𝐴𝐴(1)𝜇𝜇0 = (𝐼𝐼𝐾𝐾 − ∑ 𝐴𝐴𝑗𝑗
𝑝𝑝
𝑗𝑗=1 ). ”Reduced form” means that all the right-hand side 

variables are predetermined. Equation (4.9) can also be written as 

𝑦𝑦𝑔𝑔 = �𝜈𝜈,𝐴𝐴1, . . . ,𝐴𝐴𝑝𝑝 �𝑍𝑍𝑔𝑔−1 + 𝑢𝑢𝑔𝑔 , (4.10) 

where 𝑍𝑍𝑔𝑔−1 ≡ (1,𝑦𝑦′𝑔𝑔 , . . . ,𝑦𝑦′𝑔𝑔–𝑝𝑝)′  is (𝐾𝐾𝑝𝑝 + 1) × 𝑇𝑇 and 𝑌𝑌𝑔𝑔 = (𝑦𝑦1, . . . ,𝑦𝑦𝑇𝑇) is 𝐾𝐾 × 𝑇𝑇. The stochastic er-

ror term 𝑢𝑢𝑔𝑔  is assumed to be an independent and identically distributed white noise process with a 

nonsingular covariance matrix, such that 𝑢𝑢𝑔𝑔 ~(0,∑𝑢𝑢). 

The model can be estimated by standard methods: ordinary least squares or maximum likelihood 

estimation. In this study, the estimation was done by ordinary least squares. The OLS estimator 

�̂�𝐴 = ��̂�𝜈, �̂�𝐴1, . . . , �̂�𝐴𝑝𝑝� = ��𝑦𝑦𝑔𝑔𝑍𝑍′𝑔𝑔–1

𝑇𝑇

𝑔𝑔=1

���𝑍𝑍𝑔𝑔–1𝑍𝑍′𝑔𝑔–1

𝑇𝑇

𝑔𝑔=1

�

–1

= 𝑌𝑌𝑍𝑍′(𝑍𝑍𝑍𝑍′)–1 (4.11) 

is efficient, although it may be biased. Using notation 𝛼𝛼 = 𝐶𝐶𝑒𝑒𝑣𝑣(𝐴𝐴) ((𝑝𝑝𝐾𝐾2 + 𝐾𝐾) × 1), the asymptotic 

distribution of the OLS estimator 𝛼𝛼� is defined as 

√𝑇𝑇��̂�𝐴 − 𝐴𝐴�
𝑑𝑑
→ 𝑁𝑁(0,∑𝛼𝛼�). (4.12) 

The potential bias vanishes as 𝑇𝑇 → ∞. 

By the Gauss-Markov theorem, the OLS estimator has the lowest sampling variance within the class 

of linear unbiased estimators under the following conditions: linearity, randomity, noncollinearity, 

exogeneity, and homoskedasticity. The OLS estimators are consistent and unbiased irrespective of 

the remaining conditional heteroskedasticity if the unconditional error variances remain finite. 



 

 

 

35 

However, their standard errors are incorrect and misleading. Conditional heteroskedasticity under-

mines the efficiency of estimators, biases the variance-covariance matrix, and affects inference 

(Kilian and Lütkepohl 2017, p. 66). Therefore, conditional heteroskedasticity can be allowed but must 

be considered in the analysis. 

4.3 Structural vector autoregression model 

Assuming a well-specified VAR(p) model, a structural VAR(p) process is defined as  

𝐵𝐵0𝑦𝑦𝑔𝑔 = 𝐵𝐵1𝑦𝑦𝑔𝑔–1 + ⋯+ 𝐵𝐵𝑝𝑝𝑦𝑦𝑔𝑔–𝑝𝑝 + 𝑤𝑤𝑔𝑔 . (4.13) 

The vector 𝑦𝑦𝑔𝑔 (𝐾𝐾 × 1) has zero mean by assumption, and the dimension of 𝐵𝐵𝑖𝑖 is 𝐾𝐾 × 𝐾𝐾 for all 𝑖𝑖 =

0,1, . . . ,𝑝𝑝.  The structural shocks 𝑤𝑤𝑔𝑔 (𝐾𝐾 × 1) are assumed to be white noise with mutually 

uncorrelated elements that have economic interpretations. A model with K variables is driven by K 

distinct shocks with variance-covariance matrix ∑𝑤𝑤 of full rank, so economic models with fewer than 

K shocks or almost identical equations are ruled out. (Kilian and Lütkepohl 2017, p. 107–108.) 

A reduced form structural VAR(p) model is obtained by multiplying equation (4.13) by nonsingular 

matrix 𝐵𝐵0–1: 

𝑦𝑦𝑔𝑔 = 𝐵𝐵0–1𝐵𝐵1𝑦𝑦𝑔𝑔–1 + ⋯+ 𝐵𝐵0–1𝐵𝐵𝑝𝑝𝑦𝑦𝑔𝑔–𝑝𝑝 + 𝐵𝐵0–1𝑤𝑤𝑔𝑔 , (4.14) 

where 𝐵𝐵0–1𝑤𝑤𝑔𝑔 = 𝑢𝑢𝑔𝑔 and 𝐵𝐵0–1𝐵𝐵𝑖𝑖 = 𝐴𝐴𝑖𝑖 for all 𝑖𝑖 = 1, . . . ,𝑝𝑝.  

A structural VAR(p) model treats contemporaneous variables as explanatory variables and allows 

several restrictions on the parameters in the coefficient and residual-covariance matrices, which 

makes it possible to evaluate the effect of an independent shock. This is the key advantage of a 

structural VAR(p) model: a standard reduced VAR(p) model fails to describe contemporaneous 

relationships between variables, while a structural VAR(p) model allows the modelling of 

contemporaneous interdependence between the left-hand side variables. 

4.3.1 Recursive identification 

The crucial question, referred to as the identification problem, is how to recover the elements of 𝐵𝐵0 

from consistent estimates of the reduced-form parameters. The covariance matrix of structural errors 

∑𝑤𝑤  can be normalised without loss of generality, such that ∑𝑤𝑤 = 𝐼𝐼𝐾𝐾 . The reduced-form error 

covariance matrix ∑𝑢𝑢 can then be written as 

∑𝑢𝑢 = 𝐸𝐸(𝑢𝑢𝑔𝑔𝑢𝑢𝑔𝑔′) = 𝐵𝐵0–1𝐸𝐸(𝑤𝑤𝑔𝑔𝑤𝑤𝑔𝑔′)𝐵𝐵0–1
′ = 𝐵𝐵0–1∑𝑤𝑤𝐵𝐵0–1

′ = 𝐵𝐵0–1𝐼𝐼𝐾𝐾𝐵𝐵0–1
′ = 𝐵𝐵0–1𝐵𝐵0–1

′. (4.15) 

The identification problem arises from equation (4.15), 
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∑𝑢𝑢 = 𝐵𝐵0–1𝐵𝐵0–1
′ ⟺ �𝜎𝜎11

2 𝜎𝜎122

𝜎𝜎212 𝜎𝜎222
� = �𝑏𝑏11 𝑏𝑏12

𝑏𝑏21 𝑏𝑏22
� �𝑏𝑏11 𝑏𝑏21
𝑏𝑏12 𝑏𝑏22

� , (4.16) 

which is a system of equations: 

𝜎𝜎112 = 𝑏𝑏112 + 𝑏𝑏122 (4.17) 

𝜎𝜎122 = 𝑏𝑏11𝑏𝑏21 + 𝑏𝑏12𝑏𝑏2 (4.18) 

𝜎𝜎212 = 𝑏𝑏11𝑏𝑏21 + 𝑏𝑏12𝑏𝑏2 (4.19) 

𝜎𝜎222 = 𝑏𝑏212 + 𝑏𝑏222 . (4.20) 

Due to symmetry 𝜎𝜎122 = 𝜎𝜎212 , this is a system of three equations with four unknown parameters. 

Solving the problem requires additional equations in the form of restrictions. 

Four main approaches exist for solving the identification problem: A-model, B-model, AB-model, 

and long-run restrictions à la Blanchard and Quah (1989). A-, B-, and AB-model represent 

identification via short-run restrictions based on Sims (1980). The above normalisation of  ∑𝑤𝑤 refers 

to the B-model. The covariance matrix ∑𝑢𝑢  contains 𝐾𝐾(𝐾𝐾 + 1)/2  independent equations due to 

symmetry. Because 𝐾𝐾2 free parameters exist in 𝐵𝐵0–1,  

𝐾𝐾2–𝐾𝐾(𝐾𝐾 + 1)/2 = 𝐾𝐾(𝐾𝐾– 1)/2 (4.21) 

 additional restrictions are required to uniquely identify 𝐵𝐵0–1 in the B-model.   

The A-model differs from the B-model by leaving the diagonal elements of ∑𝑤𝑤  unrestricted and 

setting the diagonal elements of 𝐵𝐵0  to unity in 𝑤𝑤𝑔𝑔 = 𝐵𝐵0𝑢𝑢𝑔𝑔 . Also in the case of the A-model, 

𝐾𝐾(𝐾𝐾– 1)/2 restrictions are required to uniquely identify 𝐵𝐵0. The AB-model combines the A- and B-

model, modelling the errors as 𝐵𝐵0𝑢𝑢𝑔𝑔 = 𝐶𝐶𝑤𝑤𝑔𝑔  with 𝑤𝑤𝑔𝑔~(0, 𝐼𝐼𝐾𝐾) , such that ∑𝑢𝑢 = 𝐵𝐵0–1𝐶𝐶𝐶𝐶′𝐵𝐵0–1
′ . The 

number of additional restrictions for identification is 𝐾𝐾2 + 𝐾𝐾(𝐾𝐾– 1)/2.  

These three approaches are called recursively identified models. The estimation of a structural 

VAR(p) model subject to short-run identifying restrictions can be performed with several methods: 

instrumental variable estimation, full information maximum likelihood estimation, Bayesian 

estimation or methods of moments, for example. The analysis for Finland was performed using a B-

model estimated subject to recursive short-run restriction.  

Long-run identification restrictions (Blanchard and Quah 1989) may be considered if only one of two 

variables appears to be integrated. The approach identifies structural shocks by evaluating the 

accumulated effects of shocks and placing zero restrictions on those accumulated relationships, which 

die out and become zero in the long run. Long-run identification restrictions can be used alongside 

recursive identification for comparing results.  
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4.3.2 Statistical identification 

The stochastic error term 𝑢𝑢𝑡𝑡 is assumed to be unconditionally homoskedastic, meaning a constant 

variance of the residuals. When the assumption is violated, it is possible to identify a structural 

VAR(p) model by statistical identification that exploits the informational content of specific data 

features: heteroskedasticity of structural shocks or uniqueness of non-Gaussian independent compo-

nents (Lang et al. 2021).  

Several identification methods in the case of conditional heteroskedasticity are proposed: identifica-

tion via smooth transition (co)variances (Lütkepohl and Netsunajev 2017a), identification via gener-

alised autoregressive conditional heteroskedasticity (Normadin and Phaneuf 2004; Lanne and Saik-

konen 2007; Bouakez and Normandin 2010), and identification via Markov switching (Lanne et al. 

2010). The most appropriate identification technique is rarely evident, and the choice of heteroske-

dasticity-based method is often poorly motivated in the literature (Lütkepohl and Netsunajev 2017b).  

The greatest flexibility in volatility changes is offered by Markov switching and a GARCH-based 

model, but identification via smooth transition (co)variances is much easier to handle from a statisti-

cal and computational point of view (Lütkepohl and Netsunajev 2017a). It relies on the changes in 

the volatility of the covariance matrix of error terms 𝑢𝑢𝑡𝑡. The analysis indicated that it gives reliable 

results for Sweden and allows recursive identification restrictions, so identification proceeded via 

smooth transition (co)variances. The preliminary analysis also considered a GARCH-based model, 

but it led to really unrealistic results.  

The following presentation of identification via smooth transition (co)variances is based on the orig-

inal paper by Lütkepohl and Netsunajev (2017a) and Lang et al. (2021). A variable 𝑢𝑢𝑡𝑡 is assumed to 

be a heteroscedastic error term with smoothly changing covariances. The covariance structure at time 

𝑡𝑡 for two volatility regimes can be presented as 

𝐸𝐸(𝑢𝑢𝑡𝑡𝑢𝑢𝑡𝑡′) = Ω𝑡𝑡 = �1–𝐺𝐺(𝑠𝑠𝑡𝑡)�∑2 + 𝐺𝐺(𝑠𝑠𝑡𝑡)∑2, 𝑡𝑡 = 1, …𝑇𝑇 (4.22) 

with distinct covariance matrices ∑1 and ∑2. The transition variable 𝑠𝑠𝑡𝑡 can be either deterministic or 

stochastic. It determines the transition function 𝐺𝐺(∙), which often takes the form of the logistic func-

tion by Maddala (1977): 

𝐺𝐺(𝛾𝛾, 𝑐𝑐, 𝑠𝑠𝑡𝑡) = �1 + 𝑒𝑒–𝑒𝑒𝛾𝛾(𝑠𝑠𝑡𝑡–𝑐𝑐)�
–1

, (4.23) 

where c is the time point of transition and 𝛾𝛾 is the function's slope determining the transition's speed.  
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Covariance matrices ∑1 = 𝐵𝐵𝐵𝐵′  and ∑2 = 𝐵𝐵Λ𝐵𝐵′  are used for identification of structural shocks.     

Λ = diag(𝜆𝜆1, 𝜆𝜆2, . . . 𝜆𝜆𝑖𝑖) is a diagonal matrix with nonnegative diagonal elements. If the diagonal ele-

ments are distinct, 𝐵𝐵0–1 is unique up to column sign and column permutation. Then the structural 

shocks 𝑤𝑤𝑡𝑡 = 𝐵𝐵0𝑢𝑢𝑡𝑡 are identified with a diagonal covariance matrix. Positive diagonal elements 𝜆𝜆𝑖𝑖 are 

interpreted as variances of structural shocks in the ∑1 regime relative to the ∑2 regime. If more than 

one 𝜆𝜆𝑖𝑖  equals zero, the corresponding columns of B are not identified through heteroskedasticity. 

Equations (4.22) and (4.23) determine the log-likelihood function: 

𝑙𝑙𝑙𝑙𝑙𝑙 ℒ = 𝑇𝑇
𝐾𝐾
2
𝑙𝑙𝑙𝑙𝑙𝑙 2𝜋𝜋–

1
2
� 𝑙𝑙𝑙𝑙𝑙𝑙 𝑑𝑑𝑒𝑒𝑡𝑡(Ω𝑡𝑡)

𝑇𝑇

𝑡𝑡=1
–� 𝑙𝑙𝑙𝑙𝑙𝑙 𝑢𝑢𝑡𝑡′Ω𝑡𝑡–1

𝑇𝑇

𝑡𝑡=1
. (4.24) 

The parameter pair (𝛾𝛾, 𝑐𝑐), which maximises the equation (4.24), provides the best estimate for the 

true transition. An iterative procedure is applied for every parameter pair to find the maximiser. Iter-

ating is continued until there is no improvement in the log-likelihood value and convergence is en-

sured for properly identified models. 

The iterative procedure proceeds in two steps. At first, the structural parameters B and Λ are estimated 

by maximising the equation (4.24) using nonlinear optimisation. Second, the parameters of the re-

duced-form VAR model are re-estimated for the updated structural parameters estimated in the first 

step. The VAR part of the model is linear, given the transition parameters (𝛾𝛾, 𝑐𝑐) and structural pa-

rameters B and Λ . Hence, the VAR coefficients 𝑏𝑏 = 𝑣𝑣𝑒𝑒𝑐𝑐(𝑣𝑣,𝐴𝐴1, … ,𝐴𝐴𝑝𝑝)  can be estimated with a 

weighted least squares procedure with the weights given by Ω𝑡𝑡–1: 

𝑏𝑏� = [(𝑍𝑍′⨁𝐼𝐼𝐾𝐾)𝑊𝑊𝑇𝑇(𝑍𝑍⨁𝐼𝐼𝐾𝐾)]–1(𝑍𝑍′⨁𝐼𝐼𝐾𝐾)𝑊𝑊𝑇𝑇𝑦𝑦, (4.25) 

where 𝑊𝑊𝑇𝑇 is a (𝐾𝐾𝑇𝑇 × 𝐾𝐾𝑇𝑇) block-diagonal weighting matrix defined as 

�
Ω1–1 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ Ω𝑇𝑇

–1
� . (4.26) 

The data vector 𝑦𝑦 = (𝑦𝑦1′ , . . . ,𝑦𝑦𝑇𝑇′ ) is (𝐾𝐾𝑇𝑇 × 1) and the data matrix 𝑍𝑍 is (𝑇𝑇 × (1 + 𝐾𝐾𝐾𝐾)). The 𝑗𝑗𝑡𝑡ℎ col-

umn of 𝑍𝑍 contains a leading one for the constant and lagged observations, 𝑍𝑍𝑡𝑡–1 = (1,𝑦𝑦𝑡𝑡–1
′ , . . . , 𝑦𝑦𝑡𝑡–𝑝𝑝

′ ).  

The resulting estimates are used as inputs in the next iteration round until convergence. 
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4.4 Tools for model specification 

4.4.1 Information criteria 

Information criteria can be used for lag length selection in model specification. They are likelihood-

based measures that consider how well the model fits the data and include a penalty for complexity. 

Information criteria were applied to lag length selection for the augmented Dickey-Fuller test (Dickey 

and Fuller 1979; Said and Dickey 1984) and model specification in the study. 

Four information criteria were compared: the Akaike information criterion AIC (1973), the Schwarz 

information criterion SC (1978), the Hannan–Quinn information criterion HQ (1979), and the final 

prediction error FPE (Akaike 1969). Test procedures are presented in the following equations:   

𝐴𝐴𝐼𝐼𝐴𝐴 = 𝑙𝑙𝑙𝑙𝑑𝑑𝑒𝑒𝑡𝑡 �Σ�𝑢𝑢(𝑙𝑙)� +
2
𝑇𝑇
𝑙𝑙𝐾𝐾2 (4.27) 

𝐻𝐻𝐻𝐻 = 𝑙𝑙𝑙𝑙𝑑𝑑𝑒𝑒𝑡𝑡 �Σ�𝑢𝑢(𝑙𝑙)� +
2𝑙𝑙𝑙𝑙�𝑙𝑙𝑙𝑙(𝑇𝑇)�

𝑇𝑇
𝑙𝑙𝐾𝐾2 (4.28) 

𝑆𝑆𝐴𝐴 = 𝑙𝑙𝑙𝑙𝑑𝑑𝑒𝑒𝑡𝑡 �Σ�𝑢𝑢(𝑙𝑙)� +
𝑙𝑙𝑙𝑙(𝑇𝑇)
𝑇𝑇

𝑙𝑙𝐾𝐾2 (4.29) 

𝐹𝐹𝐹𝐹𝐸𝐸(𝑙𝑙) = �
𝑇𝑇 + 𝑙𝑙 ∗
𝑇𝑇 − 𝑙𝑙 ∗�

𝐾𝐾

𝑑𝑑𝑒𝑒𝑡𝑡 �Σ�𝑢𝑢(𝑙𝑙)� , (4.30) 

where Σ�𝑢𝑢(𝑙𝑙) = 𝑇𝑇–1 ∑ 𝑢𝑢�𝑡𝑡𝑇𝑇
𝑇𝑇−1 𝑢𝑢�𝑡𝑡′,  𝑙𝑙∗ is the total number of parameters in each equation, and n assigns 

the lag order. The most accurate model has the smallest value by criterion. 

4.4.2 Integration, trend-stationarity and cointegration 

It is desirable to perform more than one test for stationarity and compare the results. Three tests were 

conducted in the study: the augmented Dickey-Fuller (Dickey and Fuller 1979; Said and Dickey 

1984), the Phillips-Perron (1988), and the Kwiatkowski–Phillips–Schmidt–Shin test (1992). The null 

hypothesis of the first two is that a unit root is present in a time series sample, while the KPSS has 

the opposite null hypothesis of trend-stationarity. Tests of opposing hypotheses are used to make the 

evidence for and against stationarity as strong as possible and to distinguish trend-stationarity from 

unit-root processes. 

The augmented Dickey-Fuller test with one lag is based on the model  

△ 𝑌𝑌𝑡𝑡 = 𝛼𝛼 + 𝛽𝛽𝑡𝑡 + 𝛾𝛾𝑌𝑌𝑡𝑡–1 + 𝑢𝑢𝑡𝑡 (4.31) 
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where △ 𝑌𝑌𝑡𝑡 = 𝑌𝑌𝑡𝑡–𝑌𝑌𝑡𝑡–1. The test can be estimated in three different forms: a random walk without a 

constant or a deterministic trend 𝛼𝛼 = 𝛽𝛽 = 0, a random walk with a constant 𝑎𝑎 ≠ 0 (and 𝛽𝛽 = 0), and 

a random walk with a constant and a deterministic trend 𝛼𝛼 ≠ 𝛽𝛽 ≠ 0. The test statistic 

𝐴𝐴𝐷𝐷𝐹𝐹 =
𝛾𝛾�

𝑆𝑆𝐸𝐸(𝛾𝛾�)
(4.32) 

is used to test the null hypothesis 𝛾𝛾 = 0 against the alternative hypothesis of 𝛾𝛾 < 0. The interpreta-

tion of the alternative hypothesis depends on which of the three forms is used. 

The augmented Dickey-Fuller test is sensitive to misspecification with the wrong lag order. With a 

too-small lag length, the remaining serial correlation in the errors may bias the test, while a too-large 

lag length violates the power of the test. A statistical program often suggests a lag length that is too 

long if it is not determined. Therefore, information criteria were used to choose the lag order before 

the ADF test was performed. 

The Phillips-Perron test differs from the ADF test in that it corrects for any serial correlation and 

heteroskedasticity in the errors of the test regression. Although the ADF and Phillips-Perron tests are 

asymptotically equivalent, they may differ substantially in finite samples. The Phillips-Perron and 

KPSS tests are more general in the sense that the lag length does not have to be specified. Tests can 

be conducted with the lag order calculated by a statistical program. 

The ADF and Phillips-Perron tests are criticised for their weak rejection power near–but slightly 

below–one (Kwiatkowski et al. 1992), which is one of the reasons why the KPSS test was performed. 

The null hypothesis of the KPSS test is stationarity around a deterministic trend, trend-stationarity. 

The KPSS test is based on the sum of a deterministic trend, a random walk, and a stationary error: 

𝑦𝑦𝑡𝑡 = 𝜉𝜉𝑡𝑡 + 𝑟𝑟𝑡𝑡 + 𝑢𝑢𝑡𝑡 (4.33) 

where 

𝑟𝑟𝑡𝑡 = 𝑟𝑟𝑡𝑡–1 + 𝜖𝜖𝑡𝑡 , 𝜖𝜖𝑡𝑡~𝑖𝑖𝑖𝑖𝑑𝑑(0,𝜎𝜎𝜖𝜖2). (4.34) 

The stationarity hypothesis is 𝜎𝜎𝜖𝜖2 = 0. If the deterministic trend is set to zero, the null hypothesis is 

stationary around a level instead of a trend. The weakness of the test is that it tends to reject the null 

hypothesis too often. 

It is important to emphasise that trend-stationarity does not guarantee stationarity. By comparing unit 

root tests and the KPSS tests, unit root processes can be distinguished from trend-stationary processes. 

If both the ADF and the KPSS tests indicate nonstationarity, the trend is stochastic and differencing 

is an appropriate tool to make the processes stationary. If the ADF test indicates nonstationarity and 
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the KPSS trend-stationarity, the trend is deterministic and the process is trend-stationary. Then sta-

tionary can be achieved by estimating and removing the trend. 

Because the time series were not confirmed to be stationary or trend-stationary without differencing, 

cointegration was examined by the two most common cointegration tests. The Engle-Granger test 

(1987) is a straightforward two-step approach to studying cointegration between two integrated time 

series. The Johansen test (1988, 1991, 1995) is usually recommended when examining more than two 

integrated time series, but it can also be conducted in a bivariate case. Despite the advantages of the 

Johansen test, the Engle-Granger results are more robust and it is recommended to use both tests to 

avoid a pitfall (Gonzalo and Lee (1998). 

The Engle-Granger test is based on the statistic regression constructed from residuals and used to test 

the presence of unit roots by the augmented Dickey-Fuller test. If the process is cointegrated, the 

Engle-Granger test indicates the stationarity of the residual. The reduced-rank-system-based Johan-

sen test allows more than one cointegrating vector and avoids some issues of the Engle-Granger test, 

but may lead to erroneous results in small samples. 

There exist two types of Johansen tests: trace and maximum eigenvalue. Both tests have the null 

hypothesis of no cointegration, but the alternative hypotheses differ. The trace test evaluates the num-

ber of cointegration vectors testing 𝐻𝐻0: 𝑟𝑟 = 𝑟𝑟0 against 𝐻𝐻1: 𝑟𝑟 > 𝑟𝑟0, while the maximum eigenvalue test 

has the alternative hypothesis of 𝐻𝐻1: 𝑟𝑟 = 𝑟𝑟0 + 1. The tests are performed by setting 𝑟𝑟0 to zero and 

continuing to larger values if the null hypothesis is rejected. The trace test is more common, but 

performing both tests and comparing the results is desirable.  

4.4.3 Error autocorrelation 

The stochastic error term 𝑢𝑢𝑡𝑡 is assumed to be white noise, meaning an uncorrelated process with zero 

mean and finite variance 𝜎𝜎𝑢𝑢2. The assumption can be tested by residual-based autocorrelation tests. 

The Portmanteau test is suitable for testing high-order autocorrelation, while the Breusch-Godfrey 

(Breusch 1978; Godfrey 1978) test is more suitable for low-order autocorrelation.  

The Portmanteau is used to test the null hypothesis of 𝐻𝐻0:𝐸𝐸(𝑢𝑢𝑡𝑡𝑢𝑢𝑡𝑡−𝑖𝑖′ ) = 0, for 𝑖𝑖 = 1,2, … ,ℎ, against 

the alternative that at least one autocovariance deviates from zero. The test statistic is defined as  

𝐻𝐻ℎ = 𝑇𝑇�𝑡𝑡𝑟𝑟(�̂�𝐴𝑗𝑗’�̂�𝐴0–1�̂�𝐴𝑗𝑗

ℎ

𝑗𝑗=1

�̂�𝐴0–1), (4.35) 
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where 

�̂�𝐴𝑗𝑗 =
1
𝑇𝑇
� 𝑢𝑢�𝑡𝑡𝑢𝑢�𝑡𝑡–𝑗𝑗

𝑇𝑇

𝑡𝑡=𝑗𝑗+1

, 𝑗𝑗 = 0,1,2, … ,ℎ (4.36) 

are the residual autocovariances. The test statistic has an 𝜒𝜒2�𝑘𝑘2(ℎ − 𝐾𝐾)� distribution. A corrected test 

statistic for small samples and/or small values of ℎ is given as 

𝐻𝐻ℎ∗ = 𝑇𝑇2�
1

𝑇𝑇 − 𝑗𝑗
𝑡𝑡𝑟𝑟(�̂�𝐴𝑗𝑗’�̂�𝐴0–1�̂�𝐴𝑗𝑗

ℎ

𝑗𝑗=1

�̂�𝐴0–1). (4.37) 

The corrected version of the test statistic was used in the study due to the relatively small sample. 

The number ℎ of autocovariance terms in the test statistic should be larger than the lag order for a 

good approximation but not too large because it would undermine the power of the test (Kilian and 

Lütkepohl 2017, p. 52). Due to sensitivity, the Portmanteau test was performed with different ℎ from 

two to ten. 

The Breusch-Godfrey test for low-order autocorrelation is based on the auxiliary model: 

𝑢𝑢�𝑡𝑡 = 𝑣𝑣 + 𝐴𝐴1𝑦𝑦𝑡𝑡−1 + ⋯+ 𝐴𝐴𝑝𝑝𝑦𝑦𝑡𝑡−𝑝𝑝 + 𝐷𝐷1𝑢𝑢�𝑡𝑡−1 + ⋯+ 𝐷𝐷ℎ𝑢𝑢�𝑡𝑡−ℎ + 𝑒𝑒𝑡𝑡∗. (4.38) 

The test statistic is defined as 

𝐿𝐿𝐿𝐿ℎ = 𝑇𝑇 �𝐾𝐾 − 𝑡𝑡𝑟𝑟�∑�𝑅𝑅–1∑�𝑒𝑒�� , (4.39) 

where ∑�𝑅𝑅 and ∑�𝑒𝑒 assign the residual covariance matrix of the restricted and unrestricted model. The 

test statistic has an asymptotic 𝜒𝜒2(ℎ𝐾𝐾2) distribution. The null hypothesis is 𝐻𝐻0: 𝐷𝐷1 = ⋯ = 𝐷𝐷ℎ = 0 

against the alternative that at least one 𝐷𝐷𝑖𝑖 ≠ 0 in the model  

𝑢𝑢𝑡𝑡 = 𝐷𝐷1𝑢𝑢𝑡𝑡−1 + ⋯+ 𝐷𝐷ℎ𝑢𝑢𝑡𝑡−ℎ + 𝑒𝑒𝑡𝑡 . (4.40) 

4.4.4 Conditional heteroskedasticity 

The stochastic error term 𝑢𝑢𝑡𝑡 is assumed to be unconditionally homoskedastic, meaning a constant 

variance of the residuals. Conditional heteroskedasticity occurs if the variance of the residuals varies 

related to some prior period’s volatility. It can be tested by the ARCH-LM test (Engle 1982) based 

on the following regression: 

𝑣𝑣𝑒𝑒𝑐𝑐ℎ(𝑢𝑢�𝑡𝑡𝑢𝑢�𝑡𝑡′) = 𝛽𝛽0 + 𝐵𝐵1𝑣𝑣𝑒𝑒𝑐𝑐ℎ(𝑢𝑢�𝑡𝑡–1𝑢𝑢�𝑡𝑡–1
′ ) + ⋯+ 𝐵𝐵𝑞𝑞𝑣𝑣𝑒𝑒𝑐𝑐ℎ�𝑢𝑢�𝑡𝑡–𝑞𝑞𝑢𝑢�𝑡𝑡–𝑞𝑞

′ + 𝑣𝑣𝑡𝑡�, (4.41)  

where 𝑣𝑣𝑡𝑡 assigns a spherical error process, and 𝑣𝑣𝑒𝑒𝑐𝑐ℎ is the column-stacking operator for symmetric 
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matrices that stacks the columns from the main diagonal on downwards. The dimension of 𝛽𝛽0 is 
1
2
𝐾𝐾(𝐾𝐾 + 1), and the coefficient matrices 𝐵𝐵𝑗𝑗 , 𝑗𝑗 = 1, . . . , 𝑞𝑞,  are  1

2
𝐾𝐾(𝐾𝐾 + 1) × 1

2
𝐾𝐾(𝐾𝐾 + 1). 

The null hypothesis of no conditional heteroskedasticity is similar to the Breusch-Godfrey test: 

𝐻𝐻0: 𝐷𝐷1 = ⋯ = 𝐷𝐷ℎ = 0 against the alternative 𝐻𝐻1: 𝐷𝐷𝑖𝑖 ≠ 0 for at least one 𝑖𝑖 ∈ {1, . . . , 𝑞𝑞}. The test sta-

tistic is defined as 

𝑉𝑉𝐴𝐴𝑉𝑉𝐴𝐴𝐻𝐻𝐿𝐿𝐿𝐿(𝑞𝑞) =
1
2
𝑇𝑇𝐾𝐾(𝐾𝐾 + 1)�1–

2
𝐾𝐾(𝐾𝐾 + 1) 𝑡𝑡𝑟𝑟�Ω

�Ω�0–1�� , (4.42) 

where Ω� assigns the residual covariance matrix. The test statistic has an 𝜒𝜒2(𝑞𝑞𝐾𝐾2(𝐾𝐾 + 1)2/4) distri-

bution. 

4.4.5 Time-invariance 

As defined in equation (4.1), stationarity ensures time invariance of time series through time-invariant 

first and second unconditional moments. Even if the stability condition (4.2) is satisfied, time invar-

iance can be violated if the parameters change over time. Therefore, it is essential to test for time 

invariance after estimating the model, although stationarity has already been investigated through 

tests for unit roots and trend-stationarity. 

Several tests for time invariance exist: the Chow test (1960), the likelihood-ratio test (Wilks 1938), 

and the CUSUM test (Brown et al. 1975), for example. The Chow test compares the null hypothesis 

of time invariance against a break at a given time point, and the likelihood-ratio test compares the 

values of likelihood functions assuming no break and allowing a break. The advantage of the CUSUM 

test is that a prior guess of the breakpoint is not required, which is the reason why the CUSUM test 

was applied in the study.  

The CUSUM test is based on plots of recursive residuals obtained by fitting VAR(p) models to sam-

ples of increasing length. In other words, an empirical fluctuation process is formed by repeatedly re-

estimating a VAR model after adding one more observation, and then recursive residuals are used for 

testing for structural change. The disadvantage of the CUSUM test is that the confidence interval is 

approximated, which decreases the power of the test. However, if the time point of the structural 

change is not known, the advantages of other tests diminish remarkably as well.  
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4.5 Tools for empirical analysis 

4.5.1 Granger causality 

The concept of Granger causality (1969) is widely used to examine the interaction between military 

expenditure and economic growth. A variable 𝑦𝑦2𝑡𝑡 is called Granger causal for variable 𝑦𝑦1𝑡𝑡 if the past 

and present values of 𝑦𝑦2𝑡𝑡 help reduce in expectation the prediction error for 𝑦𝑦2𝑡𝑡. The presence of 

Granger causality cannot be interpreted as a causal relationship from an economic point of view, 

which is often overlooked in the defence spending literature.  

Formally defined (Kilian and Lütkepohl 2017, p. 47–49), 𝑦𝑦2𝑡𝑡 Granger causes 𝑦𝑦1𝑡𝑡 if  

𝜎𝜎𝑦𝑦1
2 (ℎ|Ω𝑡𝑡) < 𝜎𝜎𝑦𝑦1

2 (ℎ|Ω𝑡𝑡 ∖ {𝑦𝑦2𝑠𝑠|𝑠𝑠 ≤ 𝑡𝑡}) (4.43) 

for at least one ℎ ∈ {1,2, . . . }. In the formula, Ω𝑡𝑡 is the relevant information set, t describes period, 

and 𝜎𝜎𝑦𝑦1
2 (ℎ|Ω𝑡𝑡) denotes the MSPE of the h-period prediction of 𝑦𝑦1𝑡𝑡. In a bivariate VAR(p) process, 

�𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡
� = �

𝜇𝜇1
𝜇𝜇2� + ��

𝑎𝑎11,𝑖𝑖 𝑎𝑎12,𝑖𝑖
𝑎𝑎21,𝑖𝑖 𝑎𝑎22,𝑖𝑖

� �𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡–𝑖𝑖
𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡–𝑖𝑖

�
𝑝𝑝

𝑖𝑖=1

+ �
𝑢𝑢1𝑡𝑡
𝑢𝑢2𝑡𝑡� , (4.44) 

Granger non-causality form 𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡  to 𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡  can be tested by the null hypothesis of            

𝑎𝑎21,𝑖𝑖 = 0,𝑓𝑓𝑙𝑙𝑟𝑟 𝑎𝑎𝑙𝑙𝑙𝑙 𝑖𝑖 = 1,2, … ,𝐾𝐾. Hence, 𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾 Granger causes 𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡  if 𝑎𝑎21,𝑖𝑖 ≠ 0 for at least 

one 𝑖𝑖 ∈ {1,2, … , 𝐾𝐾}. 

Granger causality applications assume the stationarity of processes. The standard framework can be 

applied for vector autoregression processes in differences, as well as vector error correction models. 

Either the standard F-test or the Wald test can be used to test the null hypothesis. If the status of 

integration and cointegration is unclear, Granger causality should be tested by the Wald test with an 

extra lag, because the F-test does not provide reliable results in the case.  

The heteroskedasticity-consistent covariance matrix (White 1980) was applied to Sweden when run-

ning Granger causality tests. Under conditional heteroskedasticity, the White estimator for the covar-

iance matrix is defined as 

𝜎𝜎�2(𝑋𝑋′𝑋𝑋)–1𝑋𝑋′Ω𝑋𝑋(𝑋𝑋′𝑋𝑋)–1. (4.45) 

Under homoskedasticity, the estimator of the covariance matrix becomes 

𝜎𝜎�2(𝑋𝑋′𝑋𝑋)–1, (4.46) 

as Ω = 𝐼𝐼𝐾𝐾 
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4.5.2 Impulse responses 

The impulse response function is used to trace out the response of each element of 𝑦𝑦𝑡𝑡 to a one-time 

positive impulse in 𝑤𝑤𝑡𝑡 = 𝐵𝐵0𝑢𝑢𝑡𝑡. Following Kilian and Lütkepohl (2017, p. 108–111), the impulse re-

sponses of the reduced VAR(p) model are obtained from the coefficient matrices of the MA(∞) rep-

resentation 

𝑦𝑦𝑡𝑡 = �Φ𝑖𝑖𝑢𝑢𝑡𝑡–1

∞

𝑖𝑖=0

. (4.47) 

By substituting 𝑢𝑢𝑡𝑡 = 𝐵𝐵0–1𝑤𝑤𝑡𝑡, the structural impulse responses are formed: 

𝑦𝑦𝑡𝑡 = �Φ𝑖𝑖𝐵𝐵0–1𝑤𝑤𝑡𝑡–1

∞

𝑖𝑖=0

. (4.48) 

The matrice 

Θ𝑖𝑖 = Φ𝑖𝑖𝐵𝐵0–1 =
𝜕𝜕𝑦𝑦𝑡𝑡+𝑖𝑖
𝜕𝜕𝑤𝑤𝑡𝑡′

(4.49) 

contains the responses of 𝑦𝑦𝑡𝑡+𝑖𝑖 to the jth structural shocks 𝑤𝑤𝑗𝑗𝑡𝑡, so 

𝜃𝜃𝑙𝑙𝑗𝑗,𝑖𝑖 =
𝜕𝜕𝑦𝑦𝑙𝑙,𝑡𝑡+𝑖𝑖
𝜕𝜕𝑤𝑤𝑗𝑗𝑡𝑡

(4.50) 

is the response of 𝑦𝑦𝑙𝑙,𝑡𝑡+𝑖𝑖 to the jth structural shock 𝑤𝑤𝑗𝑗𝑡𝑡. The impulse response function of 𝑦𝑦𝑙𝑙,𝑡𝑡+𝑖𝑖  is 

given as 

(𝜃𝜃𝑙𝑙𝑗𝑗,0,𝜃𝜃𝑙𝑙𝑗𝑗,1, 𝜃𝜃𝑙𝑙𝑗𝑗,2, . . . ). (4.51) 

The confidence intervals for impulse responses can be estimated by bootstrapping. Several alternative 

bootstrap procedures exist, but the main idea is to examine the finite-sample behaviour of the impulse 

responses by multiple draws from the estimated model. The standard residual-based recursive boot-

strap was used for Finland. Due to conditional heteroskedasticity, wild bootstrap (Goncalves and 

Kilian 2004) was applied to Sweden as suggested by Lütkepohl and Netsunajev (2017a). 

4.5.3 Decompositions 

Forecast error variance decomposition describes how much the forecast error variance of a variable 

can be explained by exogenous shock to other variables. Historial decomposition answers the ques-

tion of how much a given structural shock explains the historically observed fluctuations in the vari-

ables. Whereas impulse responses and forecast error variance decompositions describe unconditional 



 

 

 

46 

expectations, historical decomposition provides information on the historically observed fluctuations 

in the variables (Kilian and Lütkepohl 2017, p. 114–115).  

Historical decomposition is often excluded from the analysis despite its advantage: it illustrates the 

cumulative effect of a given structural shock on each variable at every given point in time. Impulse 

responses trace out the response to a one-time positive shock only, so historical decomposition pro-

vides important information about the relationship of variables in the long term. Both decompositions 

were included in the analysis in order to have a broad perspective and not be limited to impulse 

responses alone. 

Forecast error variance decomposition is defined as 

𝐹𝐹𝐸𝐸𝑉𝑉𝐷𝐷𝑙𝑙
𝑗𝑗(ℎ) =

𝜃𝜃𝑙𝑙𝑗𝑗,0
2 +. . . +𝜃𝜃𝑙𝑙𝑗𝑗,ℎ–1

2

∑ �𝜃𝜃𝑙𝑙𝑗𝑗,0
2 + ⋯+ 𝜃𝜃𝑙𝑙𝑗𝑗,ℎ–1

2 �𝐽𝐽
𝑗𝑗=1

     𝑓𝑓𝑙𝑙𝑟𝑟 𝑎𝑎𝑙𝑙𝑙𝑙 𝑗𝑗 = 1, … 𝐽𝐽. (4.52) 

The numerator of equation (4.30) is the contribution of the jth shock to the forecast error variance of 

the h-period forecast of the lth variable. The denominator, the variance of the h-period forecast error 

of the lth component of 𝑦𝑦𝑡𝑡, is derived as 

𝐸𝐸 ���𝜃𝜃𝑙𝑙𝑗𝑗,0
2 + ⋯+ 𝜃𝜃𝑙𝑙𝑗𝑗,ℎ–1

2 �2
𝐽𝐽

𝑗𝑗=1

� = ��𝜃𝜃𝑙𝑙𝑗𝑗,0
2 + ⋯+ 𝜃𝜃𝑙𝑙𝑗𝑗,ℎ–1

2 �
𝐽𝐽

𝑗𝑗=1

, (4.53) 

following the assumption ∑𝑤𝑤 = 𝐼𝐼𝐾𝐾. Forecast error variance decomposition can be interpreted as the 

relative contribution of shock 𝑤𝑤𝑗𝑗𝑡𝑡 to the h-step forecast error variance of variable 𝑦𝑦𝑙𝑙𝑡𝑡 (Lang et al. 

2021). 

The formation of historical decomposition starts by estimating the structural MA coefficient matrices 

Θ0, . . . ,Θ𝑇𝑇–1. Then the structural shocks 𝑤𝑤𝑡𝑡 = 𝐵𝐵0𝑢𝑢𝑡𝑡 are formed, and the cumulative contribution of 

each structural shock 𝑤𝑤𝑗𝑗  (𝑗𝑗 = 1, . . . , 𝐽𝐽) to the variable of interest is computed up to period t (𝑡𝑡 =

1, . . . ,𝑇𝑇). The formal expression can be given as 

𝑦𝑦�𝑡𝑡 = �
𝑦𝑦�1𝑡𝑡
⋮
𝑦𝑦�𝐽𝐽𝑡𝑡
� = �Θ𝑠𝑠𝑤𝑤𝑡𝑡–𝑠𝑠 =

⎝

⎜
⎛
� 𝜃𝜃11,𝑠𝑠𝑤𝑤1,𝑡𝑡–𝑠𝑠+. . . +𝜃𝜃1𝐽𝐽,𝑠𝑠𝑤𝑤𝐽𝐽,𝑡𝑡–𝑠𝑠

𝑡𝑡–1

𝑠𝑠=0
⋮

� 𝜃𝜃𝐽𝐽1,𝑠𝑠𝑤𝑤1,𝑡𝑡–𝑠𝑠+. . . +𝜃𝜃𝐽𝐽𝐽𝐽,𝑠𝑠𝑤𝑤𝐽𝐽,𝑡𝑡–𝑠𝑠

𝑡𝑡–1

𝑠𝑠=0 ⎠

⎟
⎞

𝑡𝑡–1

𝑠𝑠=0

. (4.54) 
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5 Results 

The analysis focused on the impact of military expenditure on economic growth. The other direction 

is briefly discussed but is not the focus of interest. This chapter presents the results from the main 

analysis, while the alternative analysis concerning the shorter post-Cold War period is presented in 

the next chapter. The analysis proceeded according to the strategy described in Section 3.2. 

5.1 Stationarity 

In economic time series, stationarity is typically violated by trend, seasonality, or both. The Finnish 

(Figure 3; Appendix 1) and Swedish (Figure 4; Appendix 2) time series of military expenditure and 

GDP show growing trends, raising the suspicion of non-stationarity. Finnish time series seem to grow 

according to a similar linear trend, while Sweden's GDP grows at a higher rate than defence spending. 

Trend-stationarity or cointegration may occur based on the figures. Stationarity was discussed in Sec-

tion 4.1 and test procedures applied in this section were defined in Section 4.4.  

 
Figure 3. Finnish military expenditure and GDP in logarithms 1960–2021. Data source: SIPRI. 

 
Figure 4. Swedish military expenditure and GDP in logarithms 1960–2021. Data source: SIPRI. 
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5.1.1 Integration and trend-stationarity 

Three tests for unit roots and trend-stationarity were conducted: the augmented Dickey-Fuller 

(Dickey and Fuller 1979; Said and Dickey 1984), the Phillips-Perron (1988), and the Kwiatkowski–

Phillips–Schmidt–Shin test (1992). The null hypothesis of the first two is that a unit root is present in 

a time series sample, while the KPSS has the opposite null hypothesis of trend-stationarity. The tests 

were conducted in levels and differences to ensure the power of transformation. It was expected that 

the unit root may exist in levels but not in differences.  

The lag length selection for the ADF test was performed with different maximum lag lengths from 3 

to 10 (Table 1). For Finland, AIC and FPE suggested lag order two, while  HQ and SC suggested lag 

order one in levels. For Sweden, AIC, HQ, and FPE suggested lag order two, while SC suggested lag 

order 1 in levels. With differenced data, all tests suggested lag order one for both countries. The 

results are appropriate, as the lag order is usually short when using annual data. It was chosen to 

perform the ADF test twice with lag orders one and two due to sensitivity. 

The ADF test was performed with a constant and a trend in levels and with a constant and no trend 

in differences due to the significance of the terms. The results (Table 2) are as expected. A signifi-

cance level of 5% is the critical limit, as usually in empirical research. The null hypothesis of an 

existing unit root is not rejected in levels but is rejected in differences in all cases. Rejection at the 

1% significance level indicates very strong evidence against the null hypothesis. The lag length does 

not play a significant role in the results: the time series are not stationary in levels but achieve sta-

tionarity in differences. 

The Phillips-Perron test (Table 3) was also performed with a constant and a trend in levels and with 

a constant and no trend in differences. The test rejects the null hypothesis of and existing unit root at 

the 1% significance level in differences. The null hypothesis is not rejected in levels except in the 

case of Finnish military expenditure. Despite the slight deviation, the results align with the ADF test. 

The aggregate time series can be treated as unit root processes of order one if trend-stationarity is not 

observed. 

The KPSS test results (Table 4) are not entirely aligned with other tests. The null hypothesis of trend-

stationarity is rejected, but only at the 10% significance level in the case of Swedish military expendi-

ture. This indicates that the Swedish military expenditure might be trend-stationary, although the p-

value is near rejection at the 5% significance level. The ADF and Phillips-Perron tests strongly point 
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to a unit root. Because the KPSS just narrowly fails at rejection at the 5% significance level, Swedish 

military expenditure was also treated as a non-stationary process with a unit root.  

The tests confirmed the expectation that time series are non-stationary in levels but achieve station-

arity in differences. Trends appear to be stochastic rather than deterministic for both countries. Slight 

deviations in the tests may be related to their power and relatively small sample. The use of several 

tests allowed comparison, and minor deviations could be ignored if not confirmed by other tests. 

Based on observations from integration and trend-stationarity, a vector autoregression model with 

differenced data is appropriate for both countries provided no cointegration. The following section 

proceeds with cointegration tests. 

 
Table 1. Information criteria. Lag length selection for the ADF test and model specification. 

 
Table 2. Augmented Dickey-Fuller test. A test for the null hypothesis of an existing unit root. 
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Table 3. Phillips-Perron test. A test for the null hypothesis of an existing unit root. 

 
Table 4. Kwiatkowski-Phillips-Schmidt-Shin test. A test for the null hypothesis of trend-station-
arity. 

5.1.2 Cointegration 

Cointegration was investigated to ensure the optimality of a vector autoregression model in differ-

ences. Two tests were conducted: the Engle-Granger test (1987) and the Johansen test (1988, 1991, 

1995). The Engle-Granger test leads to more robust results than the Johansen test in most cases (Gon-

zalo and Lee 1998), but both tests were performed for comparison.  

The Engle-Granger test (Table 5) does not indicate cointegration. The null hypothesis of no cointe-

gration is rejected only in the case of the Finnish time series without a trend. However, the p-value is 

just slightly below the critical limit at the 5% significance level, and a growing trend is evident (Figure 

3; Appendix 1). Therefore, the test results considering a trend are more appropriate. They strongly 

support the null hypothesis of no cointegration in all cases, so it can be concluded that the time series 

are not cointegrated according to the Engle-Granger test. 

Then it was examined whether the Johansen test supports the result of no cointegration. At first, the 

trace and maximum eigenvalue tests were conducted with a restricted constant. The results (Table 6) 

suggest that cointegration exists in Swedish time series and the model should be estimated using a 

vector error correction model with one cointegration vector. Both null hypotheses are rejected for 

Finland, indicating that a vector autoregression model would be appropriate in levels. 
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Second, a likelihood-ratio test (Wilks 1938) for no linear trend was used to examine if a linear trend 

occurs and an unrestricted constant should be rather used. The assumption was that a linear trend 

appears, and the test with an unrestricted constant would give more appropriate results. The likelihood 

ratio test (Table 7) confirms a linear trend for both countries, so the results with a restricted constant 

cannot be considered reliable. The Johansen test must be performed with an unrestricted constant 

rather than a restricted constant.  

Third, the trace and maximum eigenvalue tests were repeated with an unrestricted constant. The re-

sults (Table 8) do not reject the null hypothesis in any case. The evidence against cointegration is 

strong as rejection is not even close. The results are aligned with the Engle-Granger test: cointegration 

does not occur. Therefore, a vector autoregression model with differenced time series is appropriate 

for both countries. 

 
Table 5. Engle-Granger test. A test for the null hypothesis of no cointegration with no trend, a linear 
trend and a quadratic trend. 

 
Table 6. Johansen test with a restricted constant. A test for cointegration with a restricted constant 
that does not allow a trend.  

 
Table 7. Likelihood-ratio test. A test for the null hypothesis of no linear trend.  
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Table 8. Johansen test with unrestricted constant. A test for cointegration with a restricted con-
stant that allows a trend. 

5.2 Model specification of VAR 

This section estimates vector autoregression models and examines the adequacy of the model speci-

fication by testing for remaining autocorrelation, conditional heteroskedasticity, and time invariance. 

The test methods are the Portmanteau and Breusch-Godfrey test (Breusch 1978; Godfrey 1978) for 

serially correlated errors, the ARCH-LM test (Engle 1982) for conditionally heteroskedasticity, and 

the CUSUM test (Brown et al. 1975) for time invariance. A vector autoregression model was intro-

duced in Section 4.2, and test procedures applied for diagnostic checks were defined in Section 4.4. 

The previous section already performed the lag length selection by information criteria. Four infor-

mation criteria were compared: the Akaike information criterion (1973), the Schwarz information 

criterion (1978), the Hannan–Quinn information criterion (1979), and the final prediction error 

(Akaike 1969). All criteria suggested lag order one for Finland and Sweden in the case of differenced 

data (Table 1). Therefore, the VAR(1) model  

�𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡
� = �

𝜇𝜇1
𝜇𝜇2� + �

𝑎𝑎11 𝑎𝑎12
𝑎𝑎21 𝑎𝑎22� �

𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡–1
𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡–1

� + �
𝑢𝑢1𝑡𝑡
𝑢𝑢2𝑡𝑡�

(5.1) 

is the most suitable choice according to the information criteria.  

Empirical research is usually not interested in the coefficients of a VAR(p) model because they do 

not have a clear interpretation. After the adequacy of the model specification is confirmed by diag-

nostic checks, the relationship between the variables can be investigated using impulse responses and 

other tests instead of interpreting model coefficients. If diagnostic checks raise doubts about misspec-

ification, the estimation can be repeated using different lag orders. The remaining low-order autocor-

relation was observed in Finland's VAR(1) model, so the VAR(2) model was also estimated: 

�𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡
� = �

𝜇𝜇1
𝜇𝜇2� + �

𝑎𝑎11,1 𝑎𝑎12,1
𝑎𝑎21,1 𝑎𝑎22,1

� �𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡–1
𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡–1

� + �
𝑎𝑎11,2 𝑎𝑎12,2
𝑎𝑎21,2 𝑎𝑎22,2

� �𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑡𝑡–2
𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑡𝑡–2

� + �
𝑢𝑢1𝑡𝑡
𝑢𝑢2𝑡𝑡� . (5.2) 
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Models for Finland (Table 9 and 10) and Sweden (Table 11) were estimated by OLS. Most of the 

coefficients are statistically nonsignificant. In Finland’s VAR(1) model, only 𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑖𝑖–1  and a 

constant are statistically significant in the equation of 𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑖𝑖, while the equation of 𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑖𝑖 does 

not contain any significant variables. Both equations contain statistically significant variables in 

Finland’s VAR(2) model. For Sweden, 𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑖𝑖–1 and a constant are statistically significant in the 

equation of 𝑙𝑙𝑙𝑙𝐺𝐺𝐷𝐷𝐹𝐹𝑖𝑖 , while the equation of 𝑙𝑙𝑙𝑙𝐿𝐿𝑖𝑖𝑙𝑙𝐸𝐸𝑙𝑙𝐾𝐾𝑖𝑖  does not contain any significant variables. 

However, nonsignificance is not a problem for the analysis, although it may indicate a weak 

association between the variables under consideration. 

The roots of Finland’s models are 0.4043 & 0.1507 for lag order 1 and 0.4544 & 0.4544 & 0.4312 & 

0.4312 for lag order 2. The roots of Sweden’s VAR(1) model are 0.2258 & 0.2258. No root is even 

close to one, so integration does not exist in differences. On the contrary, if the models were estimated 

in levels, the roots would be 0.9751 & 0.6213 for Finland with lag order 1, 0.9785 & 0.4305 & 0.4305 

& 0.0934 for Finland with lag order 2, and 0.9858 & 0.8116 for Sweden with lag order 1. Therefore, 

the transformation of the first differences is confirmed to be a sufficient tool to remove integration.   

Considering diagnostic checks presented in the following subsections, the model specification is suf-

ficient with lag order 2 for Finland. Both the VAR(1) and VAR(2) models are time-invariant and 

conditional homoskedastic, but the VAR(1) model seems to be serially correlated. Conditional het-

eroskedasticity occurs in Sweden's VAR(1) model, but it can be handled, as discussed in Chapter 4. 

Therefore, the analysis proceeded with the VAR(2) model for Finland and the VAR(1) model for 

Sweden. 

 
Table 9. Estimated VAR(1) model for Finland. Estimation based on ordinary least squares. 
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Table 10. Estimated VAR(2) model for Finland. Estimation based on ordinary least squares. 

 
Table 11. Estimated VAR(1) model for Sweden. Estimation based on ordinary least squares. 

5.2.1 Error autocorrelation 

The Portmanteau test does not reject the null hypothesis of no serial correlation in any case, so there 

is no evidence for high-order autocorrelation (Table 12). The Breusch-Godfrey (Breusch 1978; God-

frey 1978) test was also performed with several different ℎ from two to ten, although too large ℎ may 

lead to a failing estimation of the parameters in the auxiliary model. When ℎ < 5, the Breusch-God-

frey rejects the null hypothesis for Finland’s VAR(1) model at the 5% significance level (Table 13). 

Rejection indicates low-order autocorrelation, raising suspicion of misspecification.  

An important reason to test for autocorrelation is that information criteria do not properly consider 

autocorrelation. Due to potential low-order autocorrelation in the VAR(1) model, the VAR(2) model 

was estimated for Finland, although all information criteria suggested lag order one. Table 13 shows 

that low-order autocorrelation no longer occurs in the VAR(2) model. Hence, the VAR(2) model 

seems more appropriate from a point of view of autocorrelation. 
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Table 12. Portmanteau test. A test for the null hypothesis of no high-order autocorrelation. 

 
Table 13. Breusch-Godfrey test. A test for the null hypothesis of no low-order autocorrelation. 

5.2.2 Conditional heteroskedasticity 

As autocorrelation tests, the ARCH-LM test for conditional heteroskedasticity was performed with 

several different 𝑞𝑞 from one to six. Based on the results (Table 14), conditional heteroskedasticity 

does not occur in Finland’s models. All the p-values are so large that the rejection of the null hypoth-

esis is not even close. On the contrary, the ARCH-LM test indicates strong evidence for conditional 

heteroskedasticity for Sweden. The null hypothesis is rejected at the 1% significance level for lag 

orders from one to three and the 5% significance level for lag orders 4 and 5. 

The VAR(1) model for Sweden is conditionally heteroskedastic, which had to be considered in the 

analysis. The OLS estimators of the slope coefficients of the VAR(p) model are consistent irrespec-

tive of the remaining conditional heteroskedasticity if the unconditional error variances remain finite, 
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but their standard errors are incorrect and misleading. For the Granger causality test, the issue can be 

handled using a robust covariance-matrix estimator provided by a statistical program. For impulse 

response and decomposition analysis, a structural VAR(1) model can be estimated using statistical 

identification. 

 
Table 14. ARCH-LM test. A test for the null hypothesis of no conditional heteroskedasticity. 

5.2.3 Time invariance 

Time invariance was ensured by the CUSUM test that does not require a prior guess of the breakpoint. 

An empirical fluctuation process was computed using recursive residuals–the applied test type was 

Rec-CUSUM. When interpreting the results, it should be noted that confidence intervals are only 

approximations. 

The results of the CUSUM test can be observed and evaluated by plotting. Figures 5, 6, and 7 show 

that time invariance is satisfied for all models. The empirical fluctuation process is inside the approx-

imated confidence interval, although it is near in the case of Finland’s VAR(2) model. Results con-

firm the initial assumption of time invariance in differences, supporting appropriate model estimation. 
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Figure 5. Rec-CUSUM test for Finland’s VAR(1) model. A test for time invariance based on re-
cursive residuals. Confidence intervals are approximations. 

 
Figure 6. Rec-CUSUM test for Finland’s VAR(2) model. A test for time invariance based on re-
cursive residuals. Confidence intervals are approximations. 
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Figure 7. Rec-CUSUM test for Sweden’s VAR(1) model. A test for time invariance based on re-
cursive residuals. Confidence intervals are approximations. 

5.3 Granger causality 

The F-test results indicate no Granger causal relationship between the variables in either direction for 

either country (Table 15). lnMilExp Granger causes lnGDP only at the 10% significance level in the 

case of Sweden. Nevertheless, the p-value of 0.0918 is near rejection and far from the 5% significance 

level limit. The F-test for Granger causality confirms that military expenditure does not help to predict 

economic growth in terms of GDP–and vice versa.  

Even without rejecting the null hypothesis, it is worth remembering that the concept of Granger cau-

sality does not have an economic interpretation. Granger causality test answers the very limited ques-

tion of whether the time series help to predict another time series. Therefore, conclusions about the 

economic causal relationship cannot be made based on it. Examination of a causal relationship re-

quires a structural model (Dunne and Smith 2010; Kilian and Lütkepohl 2017, p. 195), which is iden-

tified in the next section. 

 
Table 15. Granger causality test. A test for the null hypothesis of no Granger causal relationship. 
The heteroskedasticity-consistent covariance matrix (White 1980) applied to Sweden. 
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5.4 Identification of SVAR 

This section estimates a structural VAR(p) model used to examine the interaction of variables in the 

following sections. Due to conditional heteroskedasticity, the identification of SVAR was conducted 

with different approaches for Finland and Sweden. A structural VAR(2) model for Finland was esti-

mated by standard recursive identification. Identification via smooth transition (co)variances (Lüt-

kepohl and Netsunajev 2017a) was applied to estimate a structural VAR(1) model for Sweden. Iden-

tification procedures were discussed and defined in Section 4.3. 

5.4.1 Recursive identification for Finland 

Recursive identification via lower triangular Cholesky decomposition of ∑𝑢𝑢 is an attractive solution 

to identification in its simplicity, but it doesn't make sense without an economic interpretation. The 

Cholesky decomposition C follows from ∑𝑢𝑢 = 𝐵𝐵0–1𝐵𝐵0–1′, such that 𝐵𝐵0–1 = 𝐶𝐶 is one possible solution 

of how to recover 𝑤𝑤𝑡𝑡, containing 𝐾𝐾(𝐾𝐾– 1)/2 zero parameters. By identification restrictions, assump-

tions about causal relations are made rather than objectively investigated (Kilian and Lütkepohl 2017, 

p. 216–217). The actual model may not be recursive, the order of the variables may not be correct, or 

the economic interpretation may not be realistic, for example. 

The disadvantages of recursive identification can be accepted in this study since the focus is only on 

one structural shock. The analysis is interested in the impact of defence spending on economic 

growth, not the opposite direction. By placing the variables in an order where lnMilExp is above 

lnGDP, restrictions are imposed on the equation of lnMilExp to ensure statistical identification of the 

model. The model is treated as partially identified, meaning that both structural shocks are statistically 

identified, but only the military expenditure shock is economically identified. 

The recursive B-model for Finland was estimated via Cholesky decomposition by a statistical pro-

gram. The estimated 𝐵𝐵0–1 matrix is given as 

𝐶𝐶 = 𝑐𝑐ℎ𝑜𝑜𝑜𝑜(∑�𝑢𝑢) = �0.085819 0
0.002337 0.027289� , (5.3) 

while the covariance matrix of the structural errors is restricted to  

∑𝑤𝑤 = �1 0
0 1� . (5.4) 

Hence, the structural shocks take the form: 

�𝑢𝑢𝑡𝑡
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑢𝑢𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
� = �0.085819 0

0.002337 0.027289� �
𝑤𝑤1𝑡𝑡
𝑤𝑤2𝑡𝑡� . (5.5) 
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5.4.2 Statistical identification for Sweden 

Identification via smooth transition (co)variances begins by testing recursive identification re-

strictions (Sims 1980), i.e. a lower triangular structural impact matrix, against an unrestricted model. 

The p-value of 0.11 from the likelihood ratio test suggests that the null hypothesis of a lower trian-

gular structural impact matrix should not be rejected. Therefore, a lower triangular structural impact 

matrix can be used for Sweden as well. The economic intuition is similar to Finland, so the interest 

is focused on the military expenditure shock.  

By the pairwise Wald test, the null hypothesis of 𝜆𝜆1 = 𝜆𝜆2 is rejected at the 5% significance level with 

a p-value of 0.03. Hence, the positive diagonal elements 𝜆𝜆1 and 𝜆𝜆2 are distinct, and B is identified 

through heteroskedasticity. The estimated structural shocks take the form 

�𝑢𝑢𝑡𝑡
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑢𝑢𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
� = �0.023108 0

0.002823 0.015606� �
𝑤𝑤1𝑡𝑡
𝑤𝑤2𝑡𝑡� , (5.6) 

with the estimated heteroskedasticity matrix 𝜆𝜆 of 

�15.551970 0
0 2.298449� . (5.7) 

5.5 Impulse responses 

Impulse response analysis was conducted with structural impulse response functions defined in Sec-

tion 4.5. Only the military expenditure shock is economically identified for both countries due to 

recursive identification restrictions. Therefore, only the impulse response from lnMilExp to lnGDP 

is under review. Since the data is logarithmic, one unit equals one per cent.  

In the case of Finland, the impulse response was plotted using a residual-based recursive bootstrap 

with 1 000 replications. A small positive effect occurs during the first few periods, followed by a 

slightly negative effect (Figure 8). The cumulative impact of 0.01% is positive (Figure 9), contrary 

to expectations. Nevertheless, the impulse response is not statistically significant. It was tested that 

the impulse response is statistically insignificant regardless of whether a 90 or 95 % confidence in-

terval is used. 

Wild bootstrap was used to estimate the confidence intervals for Sweden, as suggested by Lütkepohl 

and Netsunajev (2017a). Hence, the impulse responses were estimated with 68%, 80%, and 90% 

confidence intervals, as usual, based on 1 000 bootstrap replications. The impulse response from 

lnMilExp to lnGDP is positive and statistically significant in periods 1 to 4 at all confidence levels 
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(Figure 10). The cumulative impact of 0.01% equals Finland but is more remarkable due to statistical 

significance. 

The difference–in addition to statistical significance–between Finland and Sweden is that the slight 

negative effect that follows Finland's positive effect does not appear in Sweden. Sweden’s positive 

effect diminishes but does not turn negative. However, the greatest interest is in the cumulative effect 

of the same magnitude in both countries. 

 
Figure 8. Structural impulse response from lnMilExp to lnGDP for Finland. 95 % confidence 
interval based on residual-based recursive bootstrap with 1 000 replications. One unit equals one per 
cent. 

 
Figure 9. Cumulative structural impulse from lnMilExp to lnGDP for Finland. 95 % confidence 
interval based on residual-based recursive bootstrap with 1 000 replications. One unit equals one per 
cent. 
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Figure 10. Structural impulse responses for Sweden. 68%, 80%, and 90% confidence intervals 
based on wild bootstrap with 1 000 replications. One unit equals one per cent. 

5.6 Decompositions 

This section presents forecast error variance decompositions and historical decompositions. Forecast 

error variance decomposition describes how much the forecast error variance of a variable can be 

explained by exogenous shock to other variables. Historial decomposition answers the question of 

how much a given structural shock explains the historically observed fluctuations in the variables.  

5.6.1 Forecast error variance decomposition 

The FEVD of Finland (Figure 11) is aligned with the impulse response function. The FEVD of 

lnMilExp should be ignored due to partial identification. At the one-year horizon, the military 

expenditure shock accounts for 0.7% of the forecast error variance of lnGDP. The explanatory power 

increases to 2.9% at the two-year horizon and 5.0% in the long run. Therefore, FEVD confirms a 

weak relationship between military expenditure and GDP in Finland.   

The FEVD of Sweden shows a stronger connection between the variables than the FEVD of Finland 

(Figure 12). At the one-year horizon, the lnMilExp shock accounts for 3.2% of the forecast error 

variance of lnGDP. The explanatory power increases to 7.8% at the two-year horizon and 9.5% in the 

long run. The results are aligned with the impulse response analysis suggesting that military 

expenditure has a slight influence on economic growth in Sweden.  
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Figure 11. Forecast error variance decomposition of Finland. Only the FEVD of lnGDP is of 
interest due to partial identification. 

 
Figure 12. Forecast error variance decomposition of Sweden. Only the FEVD of lnGDP is of 
interest due to partial identification. 

5.6.2 Historical decomposition 

The historical decomposition of Finland (Figure 13) shows that the cumulative effect of lnMilExp 

shocks on lnGDP is approximately zero. Although the curve of cumulative effect is not completely 

flat, it does not indicate significant explanatory power. Such as based on impulse responses and FE-

VDs, a significant connection is not observed between military expenditure and GDP.  

The historical decomposition of Sweden can be divided into two parts (Figure 14). Before the 1990s, 

military expenditure shocks are not able to explain the fluctuation in lnGDP, but explanatory power 
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increases after that. The cumulative effect of lnMilExp shock on lnGDP varies from positive to neg-

ative. As previously, the relationship between the variables is clearly stronger for Sweden than for 

Finland. 

 
Figure 13. Historical decomposition of Finland. One unit equals one per cent. 

 
Figure 14. Historical decomposition of Sweden. One unit equals one per cent. 
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6 Alternative estimation: The post-Cold War era 1991–2021 

The increased variation in the data after the Cold War may provide a higher signal-to-noise ratio, 

which improves the performance of econometric analyses and may lead to more evident results 

(Dunne and Tain 2013). On the other hand, a small sample size reduces the power of most tests. The 

analysis was repeated for Finland using the post-Cold War era to test sensitivity to a time period. 

Sweden was excluded from the alternative analysis because the small sample was highly problematic 

regarding the appropriate model specification. Characteristics presented in Appendices 3–10 seemed 

manageable, but the estimation of a sufficient VAR or VECM model proved very challenging. In 

light of Dunne and Tian's hypothesis (2013), the omission of Sweden is a shame, because historical 

decomposition indicates a stronger relationship between the variables after the Cold War. Neverthe-

less, it was unnecessary to introduce a completely new estimation strategy and struggle with highly 

misbehaving time series since the alternative analysis is only intended to support the actual analysis. 

Model estimation for Finland was done by the same procedure as in the primary analysis section, so 

the discussion is not repeated. Time series properties enabled the use of the standard (structural) vec-

tor autoregression approach. As previously, variables were differenced to achieve stationarity. 

Granger causality was examined using a reduced VAR(2) model, while a recursive structural model 

was estimated for impulse response and decomposition analysis. Details on stationarity, model spec-

ification and diagnostic checks are provided in Appendices 3–14. 

The results from Granger causality and impulse responses remain unchanged regardless of the shorter 

post-Cold War period. The F-test indicates no Granger causal relationship between the variables in 

either direction (Table 16). Statistically insignificant structural impulse response from lnMilExp to 

lnGDP is almost identical to the primary analysis section (Figures 15 and 16). Therefore, military 

expenditure does not help to predict economic growth, and a positive military expenditure shock does 

not affect economic growth.  

Forecast error variance decomposition (Figure 17) shows that the military expenditure shock accounts 

for 3.5% of the forecast error variance of lnGDP at the one-year horizon. The explanatory power 

increases to 7.8% at the two-year horizon and 8.7% in the long run. The corresponding proportions 

were 0.7%, 2.9% and 5.0% previously, so the explanatory power of lnMilExp shock on the forecast 

error variance of lnGDP is slightly higher when using post-Cold War data. Historical decomposition 

is similar to the primary analysis section: the cumulative effect of lnMilExp shock on lnGDP is near 

zero despite the slight variation (Figure 18).  
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The alternative estimation does not provide new information but confirms the results of the neutral 

impact of defence spending on economic growth in Finland. The impact is not significantly strength-

ened by changing the time period. The FEVD of Finland indicates slightly higher explanatory power, 

but the impulse response from lnMilExp to lnGDP and historical decomposition remain unchanged. 

The nonsignificant cumulative effect seems positive, contrary to expectations.   

 
Table 16. Alternative estimation: Granger causality test. A test for the null hypothesis of no 
Granger causal relationship. 

 
Figure 15. Alternative estimation: Structural impulse response for Finland. 95 % confidence 
interval based on recursive bootstrap with 1 000 replications. One unit equals one per cent. 

 
Figure 16. Alternative estimation: Cumulative structural impulse for Finland. 95 % confidence 
interval based on recursive bootstrap with 1 000 replications. One unit equals one per cent. 
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Figure 17. Alternative estimation: Forecast error variance decomposition of Finland. Only the 
FEVD of lnGDP is of interest due to partial identification. 

 
Figure 18. Alternative estimation: Historical decomposition of Finland. One unit equals one per 
cent. 
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7 Discussion 

The results indicates that defence spending has a slight impact on economic growth. Impulse re-

sponses showed that it is positive on average, but in the long term, the cumulative impact varies from 

positive to negative based on historical decompositions. The impulse response was statistically sig-

nificant only for Sweden, in which case the decompositions also indicated a stronger connection be-

tween the variables. Therefore, the structural vector autoregression analysis suggests that the impact 

of defence spending on economic growth is neutral in Finland and slightly positive in Sweden.  

The evidence for a positive impact is surprising in light of expectations. The most recent studies on 

the topic have shown a negative or neutral impact, with the exception of individual papers. In the case 

of Sweden, the positive impact has been observed only by Granger causality (Kollias et al. 2004, 

2007), which is not appropriate for the examination of causal relationships. Granger causality tests 

performed in this study suggested no prediction relationship between the variables in either direction 

for either country. Instead, the positive impact was observed by a structural impulse response. This 

chapter critically reflects on the validity of the analysis, considering explanations for unexpected 

results. 

Dunne and Smith (2010) raised three key problems with the vector autoregression approach: the in-

applicability of Granger causality to the analysis of causal relationships, the sensitivity of results to 

model specification, and the instability of results between time periods and countries when the pa-

rameters are non-structural. They emphasised that the study of the causal relationship requires an 

identified structural model. The empirical strategy of the study was formed considering their points: 

the model specification was carefully justified and the analysis focused on structural analysis instead 

of Granger causality. 

The study has two strengths in light of previous literature. First, integration and cointegration were 

studied very carefully. Many previous studies on the topic completely ignore cointegration. If inte-

grated time series are also cointegrated, the vector autocorrelation model in differences fails to cap-

ture the long-run tendencies, and the vector error correction model should be rather used (Granger 

1981; Engle and Granger 1987). Hence, examining cointegration is important for model specification 

and should not be ignored. It does not appear in the Finnish and Swedish time series, so applying the 

standard vector autoregression model in differences was appropriate. 

Second, structural vector autoregression models were identified and used to examine impulse re-

sponses and decompositions. Research is often limited to Granger causality, which answers the very 
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limited question of whether the time series help to predict another time series and has no economic 

interpretation (Dunne and Smith 2010). Even if Granger causality is observed, no conclusions can be 

drawn about the impact of defence spending on economic growth. The causal relationship can be 

analysed by structural impulse responses when the shock is economically identified. The two con-

cepts are not substantially related: impulse responses indicated a positive causal relationship for Swe-

den, but Granger causality did not occur. 

The advantage of Granger causality is that it does not require identification, so effects can be easily 

studied in both directions (Dunne and Smith 2010). The identification problem can be seen as a stum-

bling block for structural analysis, which in this case, was not an insurmountable problem. The ability 

to explore both directions is not a significant benefit from the perspective of the research question. 

Since the interest was only in the military expenditure shock, the recursive identification restrictions 

were sufficient. The partially identified model was able to answer the research question.  

Studying the impact of economic growth shock on military expenditure would not have been mean-

ingful or highly informative. The intuition is straightforward because military expenditure is exam-

ined with budget-based data. The government budget must be strongly connected to the gross domes-

tic product, which is used to measure economic growth. It can be assumed that defence spending will 

be increased as the gross domestic product increases. If this is not the case, it may be a political 

decision. Perhaps such an examination could be economically rationalised when studying defence 

inflation, but the topic is irrelevant to the research question of the study. 

The structural vector autoregression models were estimated differently for Finland and Sweden due 

to conditional heteroskedasticity. There were no significant problems with the Finnish model, so ap-

plying the standard vector autoregression techniques was possible. Since the focus was only on the 

military expenditure shock, the disadvantages of recursive identification, mainly partial identifica-

tion, were accepted. Overall, all estimation choices were easy to justify in the case of Finland. Only 

choosing the lag length required comparing two options, but a suitable model without remaining au-

tocorrelation or existing heteroskedasticity was still found quite easily. The alternative estimation of 

the post-Cold War period showed that the results are not sensitive to a time period. 

More doubts arise about the validity and sensitivity of the chosen identification method in the case of 

Sweden. Conditional heteroskedasticity required statistical identification, for which many techniques 

have been proposed. MS-SVAR and SVAR-GARCH are known to capture similar changes in vola-

tility, but ST-SVAR differs from them (Lütkepohl and Netsunajev 2017b). Alternative models might 

lead to different results and reject identification restrictions in different ways, especially in finite 
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samples. The key problem is that there is no clear procedure to choose the most suitable method: 

model selection, information criteria, and non-nested hypotheses are applied for the purpose, for ex-

ample.  

Identification via smooth transition (co)variances (Lütkepohl and Netsunajev 2017a) was chosen 

based on its computational convenience and preliminary comparison with a GARCH-based model. 

In light of economic identification, the ST-SVAR model was favourable because it accepted the clas-

sical recursive identification restrictions–partial identification was sufficient for Sweden as well. Alt-

hough the results showed that identification via smooth transition (co)variances was reasonable, the 

choice could have been motivated more precisely. A model selection procedure in the case of condi-

tional heteroskedasticity is an evolving area of research, so motivation will become easier.  

Other choices related to conditional heteroskedasticity were to apply the heteroskedasticity-consistent 

covariance matrix (White 1980) in Granger causality tests and wild bootstrap (Goncalves and Kilian 

2004) to compute confidence intervals for the impulse response function. The heteroskedasticity-

consistent covariance matrix was used following Pfaff and Stigler (2021) and does not raise any par-

ticular suspicion. The wild bootstrap, in turn, might not produce reliable confidence intervals for 

impulse responses, because it fails to capture the higher-order moments of the distribution (Brügge-

mann et al. 2016).  

Wild bootstrap was applied following Lütkepohl and Netsunajev (2017a)–despite potential subopti-

mality–because the alternative method suggested by Brüggemann et al. (2016) might also be very 

unreliable in small samples. Nevertheless, the weakness of the wild bootstrap raises doubts about the 

reliability of the statistical significance of the Swedish impulse response. Statistical significance is 

supported by the fact that it was observed at all three estimated confidence intervals–68%, 80%, and 

90%. The impact is assumed to be more significant in Sweden, as the decompositions also confirmed 

a stronger relationship between the variables compared to Finland. 

Furthermore, the applicability of the logarithmic transformation in the case of conditional heteroske-

dasticity could be questioned. Logarithms are taken to stabilise the variance, but the transformation 

can be damaging if the stable variance is not achieved (Lütkepohl and Xu 2012). In this study, loga-

rithms were assumed to reduce heteroskedasticity without justification. It could have been investi-

gated more closely, although it is rare in the literature. Gross domestic product, for example, is often 

transformed into logarithms without further examination. 
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Alternative estimation was not entirely successful due to problems with the misbehaving Swedish 

time series but confirmed Finland's results and their stability through different time periods. The sec-

tion aimed to test Dunne and Tian's (2013) hypothesis of a more significant impact after the Cold 

War, addressing Dunne and Smith's (2010) concerns about the sensitivity to a time period as well. 

Although the impact of the Cold War era on Finland's results was not remarkable, the historical de-

composition indicated that it could have been significant for Sweden. Perhaps studying it becomes 

more manageable and the methods' applicability improves as the time series length increases. 

The research methods may partly explain the unexpected results. Previous literature shows that dif-

ferent research methods may lead to different results (e.g. Dunne et al. 2005; Churchill and Yew 

2017) and underestimate the negative effects of defence spending (d’Agostino et al. 2019; Smith 

2019). Especially, the endogeneity problem arising from reverse causality in the single-equation 

growth models–which assume causality only from military expenditure to economic growth–has led 

to a significant underestimation of negative effects (d’Agostino et al. 2019).  

While the vector autoregression approach avoids the problems of growth models, the connection to 

the impact mechanisms is weak and other weaknesses arise from estimation sensitivity and identifi-

cation. Vector autoregression research on the topic is usual purely statistical, which is both an ad-

vantage and a disadvantage. On the one hand, research does not fall into unrealistic theoretical as-

sumptions. Although partial identification is applied and only another shock is economically identi-

fied, unidirectional causality is not assumed in the study. On the other hand, vector autoregression 

studies do not help to understand the impact’s structure in the same way as more theoretical frame-

works. 

Generally, the theories about impact mechanisms are highly controversial and hard to link with em-

pirical evidence regardless of the research method. The Keynesian demand-side approaches may sug-

gest a positive impact, while the supply-side displacement of inputs may support a negative impact 

(Dunne et al. 2014). On the other hand, the Keynesian arguments concerning output stabilisation 

favour a negative effect, while the ability to pay argument supports a negative impact (Dunne et al. 

2014). Therefore, most of the literature–especially the vector autoregression approach–focuses on the 

overall impact without considering the partial effects or impact mechanisms. 

Finnish and Swedish results have differed from each other in previous studies, even if the research 

method had been identical for both countries. Kollias et al. (2007) found a positive Granger causality 

relationship in all countries of the European Union except Finland. Dunne and Nikolaidou (2012) 

observed a significant negative impact of a military burden on economic growth for Sweden by the 
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Solow-Swan model, while the sign was positive–and insignificant–for Finland’s military burden. The 

heterogeneity of countries might explain the more significant impact in the case of Sweden.  

Finland's and Sweden's defence sectors consist of quite different parts that reflect the heterogeneity 

of countries. Finland has maintained strong defence forces compared to its size: more than 20,000 

people perform military service every year. Sweden abolished conscription in 2010 but has since 

reinstated a small-scale system: the number of conscripts has been 4,000 since 2017 but will increase 

slightly in the next few years. The conscription system appears to be relatively cheap in the budget: 

the share of personnel costs in Finland's defence budget is about a third (Ministry of Defence Finland 

n.d.), while in countries maintaining a professional army it is usually about half. 

On the other hand, Sweden has a large defence industry for a small nation and is a major arms ex-

porter. The value of the Finnish arms industry's exports was only about 6 per cent of the Swedish 

arms industry's exports in 2020 (Ministry of Defence Finland 2021; Government of Sweden 2021). 

Although the scope of the defence industry is not fully reflected in the government budget, its im-

portance to the economy can be great in terms of jobs, export earnings and innovations. Despite the 

large industry, Sweden has not invested significantly in armaments. 

The components of defence spending should be further examined to understand the differences be-

tween countries. The recent paper by Becker and Dunne (2021) does pioneering work in this matter 

by suggesting that the negative effect of military expenditure on economic growth is driven primarily 

by personnel and operating costs. In the case of Sweden and Finland, it could be examined if person-

nel costs are undervalued due to conscription and partially explain the different effects of defence 

spending–or if the large defence industry boosts the Swedish economy and covers the negative effects 

of defence. On the other hand, an explanation could be found in different operating costs.  

The study raised further questions that future research could answer. At first, studying the components 

of defence spending could not only help to understand the heterogeneity of countries but also clarify 

the impact mechanisms and help to compare the defence sector with the rest of the public sector. 

Becker and Dunne (2021) observed significant differences between the different compositions in 

terms of productivity and effectiveness, so further research could help target defence spending more 

effectively as well.  

The comparison of the defence sector with the rest of the public sector would help to measure oppor-

tunity costs. Many similar administrative components exist in all public sectors, although the defence 

sector is believed to be less efficient than other public sectors. The comparison would be more 
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reasonable by separating the similar components and conducting the analysis on parts specific to 

different sectors. 

Second, the opportunity cost and implications of conscription should be studied more closely and 

considered with defence spending and economic growth. Individual studies have examined the effects 

of conscription on economic activity, but studies on defence spending and economic growth have 

ignored them. Keller et al. (2009) have shown that military conscription has a statistically significant 

negative impact on economic performance in OECD countries, and labour market effects are shown 

to be significant in Finland (Uusitalo and Korkeamäki 2011; Alho and Nikula 2012). Further research 

is needed to link these findings to the impact of defence spending on economic growth. 

Third, research on methods is far from complete. Although heterogeneity has been studied quite a lot, 

it is difficult to distinguish differences arising from research methods from real differences. Further 

research on the heterogeneity of countries, impact mechanisms, and compositions of defence spend-

ing could help in the comparison of research methods, but research focusing on methods is also 

needed. The development of econometrics supports the achievement of consensus but requires the 

researchers of the topic to be active and open to new approaches. 

The empirical strategy of the study was unique: structural vector autoregression had not previously 

been applied to the study of the topic, except for a few impulse response analyses. It was argued that 

partial identification can be accepted in the identification of a structural model. However, it is difficult 

to assess the reliability of the results and the validity of the research method in comparison with 

previous literature because it does not provide many results to compare. Case studies concerning 

Finland and Sweden have not been carried out before, and panel studies often do not present country-

specific results. 

Dunne and Nikolaidou's paper (2012) might be the only decent point of comparison. Their results 

from the Solow-Swan model partially suggest the opposite conclusion: a significant negative impact 

for Sweden and an insignificant positive impact for Finland. Hence, the Finnish result was confirmed 

and is now supported by two different methods. The significant positive impact observed in the case 

of Sweden contradicts Dunne and Nikolaidou (2012), raising doubts about the sensitivity of the Swe-

dish time series to different choices. 

In addition to the research method, the setup of Dunne and Nikolaidous (2012) was slightly different 

regarding the variables and the time period. They restricted their analysis to 1961–2007, so the post-

Cold War era was shorter than in this study. Swedish time series trends have changed in the 2010s 
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(Figure 4; Appendix 2) and the historical decomposition indicates a stronger connection between 

variables after the Cold War, so the time period may explain different results. Instead of military 

spending in dollars, Dunne and Nikolaidou (2012) used a military burden as a defence spending var-

iable. It is strongly connected to the gross domestic product, so results may not be robust to the de-

fence spending variable. 

Due to the lack of comparison, more research is needed from Finland and Sweden to confirm the 

impact of defence spending on economic growth. Finland's consistent defence policy can be seen in 

the time series as a stable trend (Figure 3; Appendix 1), so the Finnish results may not be so sensitive 

to the time period–as shown by alternative estimation–or even the research method. The impact of 

defence spending on economic growth appears to be neutral in Finland. Conflicting research results 

leave the magnitude and sign of the impact in Sweden unclear. The Swedish results may be particu-

larly sensitive to the time period. 

Finland and Sweden could be analysed in separate case studies using and comparing several methods: 

the augmented Solow-Growth model, the structural vector autoregression model, and the modified 

Feder-Ram model by Ando (2018), for example. Conventional approaches are partially outdated, so 

applying the latest applications and considering completely new methods would be desirable. Within 

the vector autoregression approach, one could test the sensitivity of the results to model specification 

and identification by comparing different models–different conditional heteroskedasticity identifica-

tion techniques for Sweden, for example. 
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8 Conclusion 

The question of the impact of defence spending on economic growth is topical for Finland and Swe-

den, neighbouring countries on the threshold of NATO membership. Both of them have announced 

significant investments in defence following the war in Ukraine and the changed world situation. A 

major change can be seen especially in Sweden's defence policy, as the country has not considered a 

military attack as a realistic threat for decades. 

In light of the structural vector autoregression analysis, increases in defence spending will not harm 

economic growth in Finland and Sweden. It probably won't significantly boost economic growth ei-

ther. The structural impulse response analysis shows that the impact of defence spending on economic 

growth is slightly positive on average for both countries but statistically significant only for Sweden. 

The results are contrary to expectations, as the impact was expected to be negative or neutral for both 

countries based on previous literature. 

In the case of Finland, an insignificant positive impact has also been observed by Dunne and Niko-

laidou (2012) using the Solow-Swan growth model. The alternative estimation performed with post-

Cold War data confirmed that Finland's result is robust regardless of the time period. Therefore, a 

neutral impact can be considered a fairly reliable result for Finland. Conflicting research results, po-

tential sensitivity over time, and difficulties caused by conditional heteroskedasticity raise more 

doubts about the reliability of the Swedish result. 

It was argued that the identification of a structural model is not an insurmountable problem in this 

context, as partial identification is sufficient when the interest is directed only to the other direction 

of causality. Granger causality should no longer be used to study the causal relationship between 

defence spending and economic growth, as the concept has no economic interpretation. Vector auto-

regressive research on the topic should instead focus on structural analysis–perhaps using components 

of defence spending rather than aggregate measures. 

Although the results of the study are partially contradictory, the field of research as a whole is closer 

to a consensus than ever since Benoit (1973, 1978) started the debate. The majority of the recent 

literature supports a negative or neutral impact, but the explanation for individual positive results 

remains unclear. Further research is needed to separate differences due to research methods from 

other causes of heterogeneity and to strengthen the understanding of impact mechanisms. Old results 

and methods shown to be invalid must be abandoned. Otherwise, consensus will never be reached.  
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Appendices 

 
Appendix 1. Finnish military expenditure and GDP in logarithms 1960–2021 (2). Data source: 
SIPRI. 

 
Appendix 2. Swedish military expenditure and GDP in logarithms 1960–2021 (2). Data source: 
SIPRI. 
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Appendix 3. Alternative estimation: information criteria. Lag length selection for the ADF test 

and model specification. 

 
Appendix 4. Alternative estimation: augmented Dickey-Fuller test. A test for the null hypothesis 
of an existing unit root. 

 
Appendix 5. Alternative estimation: Phillips-Perron test. A test for the null hypothesis of an ex-
isting unit root. 
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Appendix 6. Alternative estimation: Kwiatkowski–Phillips–Schmidt–Shin test. A test for the null 
hypothesis of trend-stationarity. 

 
Appendix 7. Alternative estimation: Engle-Granger test. A test for the null hypothesis of no coin-
tegration with no trend, a linear trend and a quadratic trend. 

 
Appendix 8. Alternative estimation: Johansen test with a restricted constant. A test for cointe-
gration with a restricted constant that does not allow a trend. 

 
Appendix 9. Alternative estimation: likelihood-ratio test. A test for the null hypothesis of no linear 
trend. 
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Appendix 10. Alternative estimation: Johansen test with an unrestricted constant. A test for 
cointegration with a restricted constant that allows a trend. 

 
Appendix 11. Alternative estimation: Estimated VAR(2) model for Finland. 

 
Appendix 12. Alternative estimation: autocorrelation tests for Finland. The Portmanteau test has 
the null hypothesis of no high-order autocorrelation, and the Breusch-Godfrey test has the null hy-
pothesis of no low-order autocorrelation. 
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Appendix 13. Alternative estimation: ARCH-LM test for Finland. A test for the null hypothesis 
of no conditional heteroskedasticity. 

 
Appendix 14. Alternative estimation: Rec-CUSUM test for Finland’s VAR(2) model. A test for 
time invariance based on recursive residuals. Confidence intervals are approximations. 
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