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Abstract 

This study examines the association between defence-sector intensity and foreign direct 

investment (FDI) in 23 European Union countries from 2005 to 2023. Six defence indicators 

and three global uncertainty measures were analysed using fixed-effects panel regres-

sions, regularised regression, gradient boosting, country-profile comparisons, and panel 

temporal-predictability tests. In the principal country-and-year fixed-effects models, mil-

itary expenditure as a percentage of GDP and as a percentage of government expenditure 

had positive contemporaneous coefficients. Both coefficients remained statistically sup-

ported by Driscoll–Kraay and wild-cluster-bootstrap inference after adjustment for the 

two primary hypotheses, although their Holm-adjusted country-clustered p-values were 

0.053. The findings were sensitive to country coverage: excluding Hungary, Ireland, and 

the Netherlands reduced the standardised estimates, and neither coefficient remained sta-

tistically significant under wild-cluster-bootstrap inference. Neither primary indicator 

was supported in the available-case EU27 extension; matched-period comparisons indi-

cated that this divergence reflected country composition together with the shorter com-

mon observation window. Defence indicators did not provide stable incremental predic-

tive information for countries excluded from model fitting, and no temporal-predictability 

result remained significant after dependence-aware block-bootstrap inference and false-

discovery-rate adjustment. Neither global geopolitical risk nor the country profiles pro-

vided evidence of coefficient differences. Overall, the evidence is indicator-, sample-, and 

method-dependent and does not establish a causal or generally applicable effect of de-

fence expenditure on FDI. From a sustainable-development perspective, security expendi-

ture should therefore be assessed alongside fiscal capacity, investment conditions, and 

country-specific economic structures rather than being assumed either to attract or to dis-

place foreign investment uniformly. 
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1. Introduction 

1.1. Defence-Sector Intensity, Economic Resilience, and Foreign Direct Investment 

Changes in the European security environment have increased the fiscal and eco-

nomic importance of defence expenditure. In 2023, the 27 European Union (EU) Member 

States spent EUR 279 billion on defence, 10% more in real terms than in 2022. Defence 

investment reached EUR 72 billion and represented 26% of total defence expenditure [1]. 

Security-related spending may strengthen deterrence, industrial capacity, technological 

development, and economic resilience, but it may also compete with infrastructure, edu-

cation, and other long-term priorities. Its relevance to sustainable development therefore 

lies not in assuming that defence expenditure is inherently sustainable but in examining 

how security demands interact with economic capacity, public-resource allocation, and 

capital formation. These effects may differ across countries because their fiscal capacity, 

institutional quality, industrial structure, and security exposure are not uniform [2]. 

Foreign direct investment is relevant to this relationship because it connects host 

economies with long-term capital, technology, managerial knowledge, and international 

production networks. Under the OECD definition, FDI is a cross-border investment that 

gives an investor a lasting interest and significant influence over an enterprise in another 

economy, conventionally indicated by ownership of at least 10% of its voting power [3]. 

Stable international investment can support productive capacity and longer-term eco-

nomic development. Nevertheless, the outcome used in this study—annual net FDI in-

flows as a percentage of GDP—does not distinguish green, socially responsible, or other-

wise sustainability-oriented investment. It records realised net financial flows that may 

include equity investment, reinvested earnings, intracompany financing, corporate re-

structuring, pass-through transactions, and disinvestment. 

The expected relationship between defence-sector intensity and FDI is theoretically 

ambiguous. Greater defence capacity may coincide with deterrence, perceived stability, 

technological demand, or participation in international defence-production networks, 

thereby supporting economic resilience and investment conditions. Higher military ex-

penditure may instead reflect geopolitical exposure, create fiscal pressure, or displace ex-

penditure that contributes to productive and social development. The estimated relation-

ship may consequently depend on the defence indicator, control set, functional form, 

country coverage, and temporal specification. Global uncertainty may further influence 

investment decisions because geopolitical and policy shocks can encourage firms to post-

pone investments involving substantial sunk costs [4]. Pooled correlations, out-of-country 

predictive performance, conditional panel associations, and lagged predictability address 

different statistical questions and may therefore yield different conclusions. In this study, 

these forms of evidence are interpreted separately, and none is treated as identifying a 

causal effect. 

1.2. Related Research and Research Gap 

Research on the determinants of FDI identifies several recurring host-country char-

acteristics. In a systematic review of 112 empirical studies, Islam and Beloucif [5] found 

the strongest support for market size, followed by trade openness, infrastructure quality, 

labour costs, macroeconomic stability, human capital, and growth prospects. Political and 

institutional conditions are also important because many foreign investments involve sub-

stantial sunk costs and long planning horizons. By expanding productive capacity, facili-

tating technology transfer, and connecting host economies to international production 

networks, FDI may contribute to longer-term development and economic resilience. How-

ever, the volume of FDI alone does not establish whether the underlying investments are 

environmentally or socially sustainable, and this study does not attempt to measure those 
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characteristics. Related evidence from environmental-finance research likewise indicates 

that relationships among investment, geopolitical-economic uncertainty, and sustainabil-

ity outcomes may vary across model specifications and country groups [6]. 

Evidence on the relationship between defence expenditure and FDI is more limited 

and does not indicate a common direction. Aziz and Khalid [7] found that military ex-

penditure reduced FDI inflows in developing countries without armed conflict, while con-

flict exposure altered this relationship and the estimated response emerged over time. 

Douch [8], by contrast, reported a positive relationship between defence expenditure and 

FDI in Middle Eastern and North African countries using a dynamic panel model. 

Bhandari et al. [9] further showed that conflict dynamics and institutional conditions can 

modify the military-expenditure–FDI relationship. These findings cannot be transferred 

directly to the EU, where institutional arrangements, security commitments, fiscal capac-

ity, industrial structures, and exposure to armed conflict differ from those of the countries 

examined in earlier studies. 

The literature also leaves unresolved problems of measurement and interpretation. 

Defence-sector intensity is often represented by aggregate military expenditure, although 

expenditure relative to GDP, budgetary allocation, per-capita expenditure, defence invest-

ment, militarisation, and arms imports describe different economic features. A relation-

ship found for one measure need not extend to the others. The methods used to examine 

these relationships also answer different questions. Fixed-effects panel models estimate 

conditional within-country associations, regularised regression screens correlated predic-

tors, and nonlinear algorithms examine predictive patterns that may not be captured by a 

linear specification. Their results are not interchangeable: predictor retention does not es-

tablish statistical significance, and in-sample model fit does not demonstrate that predic-

tions will transfer to countries excluded from estimation. Lagged panel tests address a 

further question by examining temporal predictability rather than the magnitude or 

causal direction of an effect. 

Few studies have compared several measures of defence-sector intensity within a 

common EU panel while distinguishing contemporaneous association, predictive rele-

vance, out-of-country performance, and temporal predictability. Evidence is particularly 

limited on whether defence indicators remain informative after economic and institu-

tional controls are introduced, whether predictive models generalise to countries ex-

cluded from model fitting, and whether estimated associations are sensitive to influential 

countries, extreme FDI observations, alternative scaling, and wider country coverage. It is 

also unclear whether global geopolitical risk or data-derived country profiles systemati-

cally modify the defence–FDI relationship. These questions are relevant to sustainable 

economic development because changes in security expenditure may coincide with 

changes in fiscal priorities, investment conditions, and the capacity to maintain interna-

tional capital formation. The present study addresses these gaps using annual observa-

tions for 23 EU countries from 2005 to 2023, supported by sensitivity analyses based on 

alternative samples and variable definitions. 

1.3. Research Aim, Questions, and Contributions 

This study examines whether the relationship between defence-sector intensity and 

FDI in the European Union is consistent across indicators, model specifications, and sta-

tistical questions. The analysis covers 23 EU countries from 2005 to 2023 and represents 

defence-sector intensity using six indicators: military expenditure relative to GDP, mili-

tary expenditure relative to government expenditure, military expenditure per capita, de-

fence investment, the Global Militarisation Index, and arms imports. Principal component 

analysis, clustering, regularised regression, gradient-boosted trees, fixed-effects panel 
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regression, and panel temporal-predictability tests are used for distinct analytical pur-

poses rather than as interchangeable estimators. 

The study addresses four research questions: 

• RQ1. Which defence-sector intensity indicators exhibit conditional contemporaneous 

associations with FDI, and how sensitive are the primary estimates to the control 

structure, inference method, influential observations, variable scaling, and country 

coverage? 

• RQ2. Which defence-sector indicators provide stable linear or nonlinear predictive 

information for FDI, and do the resulting models perform better than a training-mean 

benchmark when applied to countries excluded from model fitting? 

• RQ3. Do the conditional associations between defence-sector intensity and FDI vary 

systematically with geopolitical risk or across data-derived country profiles? 

• RQ4. Do defence-sector indicators and FDI exhibit panel-level temporal predictabil-

ity, and is the identified predictive information unidirectional or bidirectional? 

The study makes three principal contributions. First, it compares six non-inter-

changeable measures of defence-sector intensity in a common EU panel instead of relying 

only on military expenditure relative to GDP. Two expenditure-share measures are des-

ignated as primary indicators, while the remaining measures provide secondary evidence 

concerning expenditure intensity, investment, militarisation, and arms transfers. This dis-

tinction reduces the risk of treating results selected from several indicators as equivalent 

confirmatory findings. 

Second, the analysis separates explanatory and predictive questions. The panel re-

gressions use a prespecified B0–B2 control hierarchy and combine country-clustered, Dris-

coll–Kraay, and wild-cluster-bootstrap inference. Sensitivity analyses examine extreme 

FDI observations, influential countries, alternative scaling, and an available-case EU27 ex-

tension. Predictive performance is evaluated through nested country-grouped cross-vali-

dation, so observations from a validation country are excluded from model fitting and 

preprocessing. Country-profile and geopolitical-risk interactions are assessed using for-

mal joint tests rather than comparisons of separately estimated subgroup coefficients. 

Third, the study relates the empirical evidence to sustainable economic development 

without treating either defence expenditure or aggregate FDI as a direct measure of sus-

tainability. The results indicate whether relationships between security-related resource 

intensity and international capital inflows remain stable across measures and analytical 

procedures. This is relevant when evaluating security requirements alongside fiscal pri-

orities, productive investment, and longer-term economic resilience. Because the study is 

observational, the regression, predictive, and temporal results are interpreted as condi-

tional associations or evidence of predictability rather than as structural causal effects. 

2. Materials and Methods 

2.1. Analytical Strategy 

The analysis was organised around a common panel-regression framework. The pri-

mary analysis examined two measures of defence-sector intensity: military expenditure 

as a percentage of GDP and military expenditure as a percentage of government expendi-

ture. Both measures were estimated using the same country and year fixed effects and the 

same sequence of control sets. This common structure allowed the estimated associations 

to be compared without changes in the underlying fixed-effects specification. 

Three nested specifications were used. Model B0 included the defence indicator to-

gether with country and year fixed effects. Model B1 added macroeconomic controls: GDP 

per capita, trade openness, inflation, gross capital formation, and unemployment. Model 

B2 additionally controlled for secondary-school enrolment, research and development 
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expenditure, and regulatory quality. Model B2 was treated as the principal specification 

because it provided the most detailed adjustment while retaining almost the complete 

panel. The B0–B2 hierarchy and the designation of the two primary indicators were fixed 

before the revised estimation undertaken in response to peer review, but after the original 

analysis had been inspected. They organise the reanalysis and should not be interpreted 

as a prospectively registered confirmatory design. 

Military expenditure per capita, defence investment, the Global Militarisation Index, 

and arms imports were examined as secondary defence indicators. Defence investment 

and military expenditure per capita were log-transformed, while arms imports were 

transformed using the inverse hyperbolic sine. Originally missing arms-import observa-

tions remained missing in the principal analysis. Geopolitical-risk moderation, country-

profile differences, regularised regression, machine-learning models, and temporal-pre-

dictability tests were treated as exploratory analyses addressing questions distinct from 

the contemporaneous panel associations. 

Robustness was assessed using country-clustered covariance estimates, Driscoll–

Kraay standard errors, and wild-cluster bootstrap inference. Additional checks included 

alternative Driscoll–Kraay bandwidths, winsorisation of FDI, leave-one-country-out esti-

mation, joint exclusion of Hungary, Ireland, and the Netherlands, an alternative per-cap-

ita formulation intended to reduce the common-denominator problem, period-based re-

strictions, and an available-case analysis covering all 27 EU Member States. Principal com-

ponent analysis and clustering were retained for descriptive country profiling rather than 

used as the principal means of controlling for observed economic and institutional condi-

tions. Predictive models were evaluated using nested cross-validation grouped by coun-

try, with all preprocessing and tuning repeated within the corresponding training sam-

ples. 

The procedures estimate conditional associations and predictive patterns rather than 

structural causal effects. A result was considered comparatively robust only when its sign 

remained stable and the principal inference procedures and sensitivity analyses led to 

similar conclusions. Results that depended on the country sample, outcome scaling, func-

tional form, or estimation method were classified as specification-sensitive and inter-

preted accordingly. 

2.2. Data Sources and Study Sample 

The source data initially covered all 27 EU Member States from 1995 to 2024. FDI and 

most control variables were obtained from World Bank Open Data and Eurostat [10,11]. 

Military-expenditure indicators came primarily from the SIPRI Military Expenditure Da-

tabase, while defence-investment data were obtained from the European Defence 

Agency’s Defence Data portal [12,13]. The sources of the remaining variables are reported 

in Section 2.3. 

FDI, defence, and control variables were available annually. Monthly observations of 

the Global Economic Policy Uncertainty and Geopolitical Risk indices and quarterly ob-

servations of the World Uncertainty Index were aggregated into annual arithmetic means. 

After country and year identifiers had been harmonised, the source datasets were merged 

into an initial panel containing 810 country–year observations and 47 analytical variables, 

excluding the identifiers. 

Because most missing observations occurred before 2005 or in 2024, the study period 

was restricted to 2005–2023. The principal analytical sample comprised 23 countries: Aus-

tria, Belgium, Bulgaria, Croatia, Czechia, Estonia, Finland, France, Germany, Greece, 

Hungary, Ireland, Italy, Latvia, Lithuania, the Netherlands, Poland, Portugal, Romania, 

Slovakia, Slovenia, Spain, and Sweden. Cyprus, Denmark, Luxembourg, and Malta were 

not included in this sample because their coverage was insufficient for parts of the broader 
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variable set used in the secondary, principal component, clustering, and predictive anal-

yses. Their exclusion did not imply that the two primary military-expenditure indicators 

were entirely unavailable. 

The principal sample contained 437 country–year observations, corresponding to 23 

countries observed over 19 years. The country–year structure was balanced, although 14 

defence-investment observations and one secondary-school-enrolment observation re-

mained unavailable after data preparation. Analyses involving these variables used the 

observations available for the corresponding specification. To assess whether restricting 

the sample to 23 countries affected the principal panel-regression results, the B2 models 

for the two primary military-expenditure indicators were additionally estimated for all 27 

EU Member States using available observations. This sensitivity sample contained 507 

country–year observations: 18 for Cyprus, 18 for Ireland, 15 for Luxembourg, and 19 for 

each of the other 24 countries. No values were extrapolated solely to complete the EU27 

sensitivity sample. 

2.3. Variables and Measurement 

The analysis distinguished FDI as the outcome, two primary defence indicators, four 

secondary defence indicators, three global uncertainty measures, and 37 initially consid-

ered controls. Table 1 summarises their measurement and principal sources. 

Table 1. Variable groups and operationalisation. 

Variable Group Indicators Measurement and Principal Source 

Outcome Foreign direct investment 
Net FDI inflows as a percentage of GDP; World Bank 

Open Data 

Primary defence indica-

tors 

Military expenditure as a percentage 

of GDP; military expenditure as a per-

centage of government expenditure 

Percentage of GDP and percentage of government 

expenditure; SIPRI Military Expenditure Database 

Secondary defence inten-

sity 

Military expenditure per capita; de-

fence investment; Global Militarisa-

tion Index; arms imports 

EUR per capita, EUR million, composite index score, 

and SIPRI trend-indicator values; SIPRI, European 

Defence Agency, BICC, and World Bank Open Data 

Uncertainty 

Global Economic Policy Uncertainty 

(GEPU) Index; Geopolitical Risk In-

dex; World Uncertainty Index 

Monthly or quarterly global indices aggregated into 

annual arithmetic means; respective index database 

Economic controls Initially 12 indicators 

Economic scale and performance, labour costs, capi-

tal formation, exchange-rate conditions, and eco-

nomic freedom; World Bank Open Data, Eurostat, 

and institutional databases 

Infrastructure controls Initially seven indicators 
Energy, digital, transport, and research infrastruc-

ture; World Bank Open Data and Eurostat 

Political-institutional con-

trols 
Thirteen indicators 

Governance, political stability, institutional con-

straints, taxation, and regulatory and economic free-

dom; World Bank Open Data and institutional data-

bases 

Human-capital controls Initially five indicators 

Population, education, labour-market conditions, 

and tourist arrivals; World Bank Open Data and Eu-

rostat 

Net FDI inflows were divided by GDP to improve comparability across economies 

of different sizes. The resulting variable measures realised net financial flows rather than 

investment attractiveness, as discussed in Section 1.1. 
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Defence-sector intensity was measured from several perspectives. Military expendi-

ture as a percentage of GDP and as a percentage of government expenditure were desig-

nated as the primary indicators because they measure, respectively, the economic burden 

of defence and its share of public expenditure. Military expenditure per capita, defence 

investment, the Global Militarisation Index (GMI), and arms imports were examined as 

secondary indicators. Defence investment covered equipment procurement and research 

and development expenditure classified by the European Defence Agency as investment. 

The GMI, produced by the Bonn International Centre for Conflict Studies (BICC), com-

bines military expenditure, personnel, and heavy weapons relative to economic, social, 

and demographic benchmarks [14]; it does not measure warfare or conflict intensity. Arms 

imports were expressed as SIPRI trend-indicator values distributed through World Bank 

Open Data. These values measure the volume of international transfers of major conven-

tional weapons rather than their physical number or financial value. 

The Global Economic Policy Uncertainty (GEPU) Index measures the relative fre-

quency of newspaper articles referring to the economy, policy, and uncertainty [15]. The 

Geopolitical Risk Index uses newspaper coverage of wars, terrorist acts, international ten-

sions, and related threats [4], while the World Uncertainty Index is derived from uncer-

tainty-related language in Economist Intelligence Unit country reports [16]. Because all 

three series were global, every country received the same value in a given year. They 

therefore represent common annual uncertainty conditions rather than cross-country dif-

ferences in exposure. 

The initial controls comprised 12 economic, seven infrastructural, 13 political-institu-

tional, and five human-capital indicators. Two economic variables were removed during 

data-availability screening: average annual earnings, which were unavailable for the 

Netherlands throughout 2005–2023, and government bond yields, which were unavaila-

ble for Estonia throughout 2005–2019. Retaining them would have required unsupported 

cross-country imputation. The principal B2 panel specification used eight observed con-

trols selected to represent the main economic and institutional conditions associated with 

FDI: GDP per capita, trade openness, inflation, gross capital formation, unemployment, 

secondary-school enrolment, research and development expenditure, and regulatory 

quality. The use of observed controls in the principal specification avoided relying on the 

PCA indices for regression adjustment. 

2.4. Data Preparation and Preliminary Analysis 

Country names, ISO codes, and year identifiers were harmonised before merging. 

Missingness was assessed by year, country, and variable. Interpolation was confined to 

internal gaps within national time series; values were neither interpolated across countries 

nor extrapolated beyond observed series boundaries. 

Thirteen missing military-expenditure-per-capita values were calculated from data 

for the same country and year using 

𝑀𝐸𝑃𝐶𝑖,𝑡 =
𝑀𝐸𝑆𝑖,𝑡

100
×

𝐺𝐷𝑃𝑖,𝑡×1000

𝑃𝑂𝑃𝑖,𝑡
,  

where 𝑀𝐸𝑃𝐶𝑖,𝑡  denotes military expenditure per capita in EUR, 𝑀𝐸𝑆𝑖,𝑡  is military ex-

penditure expressed as a percentage of GDP, 𝐺𝐷𝑃𝑖,𝑡 is GDP in EUR million, and 𝑃𝑂𝑃𝑖,𝑡 

is population in thousands. 

Cubic-spline interpolation completed five secondary-school-enrolment values and 

three tourist-arrival values. The 40 originally missing arms-import observations remained 

missing rather than being interpreted as verified zero transfers. Analyses involving arms 

imports therefore used the observations for which SIPRI trend-indicator values were orig-

inally available. No arms-import values were generated through interpolation or zero 

substitution. 
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Descriptive analysis comprised the mean, median, standard deviation, interquartile 

range, skewness, and kurtosis. Annual medians and interquartile ranges were plotted for 

FDI and the two primary military-expenditure indicators to show their evolution over 

2005–2023. The years 2014 and 2022 were marked as potentially relevant changes in the 

European security environment, while 2020–2021 was identified as the main COVID-19 

period. These markers were used for descriptive orientation and did not by themselves 

define causal events. Potentially influential country–year observations were additionally 

assessed using studentised residuals, leverage, and Cook’s distance in the principal B2 

models. Observations were not removed solely because their values were extreme, as un-

usually large positive or negative FDI flows may reflect genuine economic events. 

The robustness analysis examined whether the principal B2 results depended on ex-

treme observations, country coverage, the study period, or variable scaling. First, FDI was 

winsorised at the pooled 1st and 99th percentiles. Second, each country was omitted in 

turn. Third, Hungary, Ireland, and the Netherlands were excluded jointly because these 

countries accounted for several of the largest positive or negative FDI observations and 

exerted appreciable influence in the diagnostic analysis. Fourth, the models were re-esti-

mated for 2005–2021 to exclude the period following the 2022 escalation of the war in 

Ukraine. Fifth, observations from 2020 and 2021 were removed to assess sensitivity to the 

main COVID-19 period. Sixth, the common-GDP-denominator concern was examined by 

expressing both FDI and military expenditure on a per-capita basis and applying trans-

formations appropriate for negative or strongly right-skewed values. Finally, the two pri-

mary B2 models were estimated for all 27 EU Member States using the available observa-

tions. To distinguish the influence of country composition from that of data availability, 

the EU27 dataset was also restricted first to the original 23 countries and then to the 14 

years for which complete observations were available for all 27 countries. Corresponding 

models for the original 23-country sample were estimated over the same 14-year period. 

Each sensitivity model retained the B2 controls and country and year fixed effects. Coun-

try-clustered, Driscoll–Kraay, and wild-cluster-bootstrap inference was used where the 

corresponding sample structure permitted it. 

The LLC and IPS tests were retained as first-generation stationarity diagnostics 

[17,18]. Because EU country series may respond to common economic, financial and geo-

political shocks, the principal stationarity assessment used Pesaran’s cross-sectionally 

augmented IPS (CIPS) test, which augments country-specific Dickey–Fuller regressions 

with cross-sectional averages [19]. The regressions included an intercept, and country-

specific lag orders from zero to two were selected using the Bayesian information crite-

rion. Statistical decisions were based on the published finite-sample critical values nearest 

to the dimensions of the corresponding panel. The CIPS tests were conducted for the com-

plete 23-country sample, the reduced sample excluding Hungary, Ireland, and the Neth-

erlands, and, for FDI, the 18-country and 13-country balanced samples used in the tem-

poral tests involving defence investment and arms imports, respectively. Country-specific 

augmented Dickey–Fuller and KPSS statistics were additionally examined as descriptive 

diagnostics of within-country heterogeneity. Given the short national series, these coun-

try-level tests were not used as independent binary classifications of every country’s data-

generating process. The complete panel and country-level stationarity diagnostics are re-

ported in Table S1A–C, while the first-difference sensitivity model is reported in Table 

S1D. 

In the complete 23-country sample, the CIPS test rejected the unit-root null at the 5% 

level for FDI, both primary military-expenditure shares, log defence investment, GMI, and 

the inverse-hyperbolic-sine-transformed arms-import series. For log military expenditure 

per capita, rejection was obtained only at the 10% level. After Hungary, Ireland, and the 

Netherlands were excluded, the unit-root null was rejected at the 5% level for FDI, both 
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primary expenditure shares, log defence investment, GMI, and transformed arms imports, 

but it was not rejected for log military expenditure per capita even at the 10% level. For 

FDI in the smaller balanced samples used in the temporal analyses, the unit-root null was 

rejected at the 1% level in the 18-country defence-investment sample (CIPS = −2.731), but 

only at the 10% level in the 13-country arms-import sample (CIPS = −2.116). The latter 

result was therefore treated as weaker sample-specific evidence, and the temporal find-

ings involving arms imports were interpreted as exploratory. The country-specific ADF 

and KPSS diagnostics likewise indicated heterogeneous time-series properties across 

countries and variables. Accordingly, the panel-level rejections were interpreted as evi-

dence concerning the corresponding panels rather than as proof that every national series 

was stationary. Log military expenditure per capita was first-differenced for the temporal-

predictability analysis: 

Δ𝑥𝑖,𝑡 = 𝑥𝑖,𝑡 − 𝑥𝑖,𝑡−1.  

The remaining variables entered the temporal-predictability tests in levels. As an ad-

ditional sensitivity check, the association between changes in log military expenditure per 

capita and changes in FDI was estimated using a first-difference version of the fully ad-

justed B2 specification. The contemporaneous fixed-effects regressions otherwise used the 

level or transformed forms defined for their respective specifications and were interpreted 

as conditional same-period associations rather than as long-run equilibrium relationships. 

Pearson correlations between FDI and the defence, uncertainty, and control variables 

were calculated using the observations available for each pair. Within-group correlations 

among controls were also examined for strong pairwise dependencies. As these pooled 

correlations did not control for country effects or serial dependence, they were treated as 

exploratory. Unadjusted 𝑝-values below 0.05 were reported descriptively but were not 

used as the sole criterion for retaining predictors. 

2.5. Dimensionality Reduction and Country Profiling 

PCA was applied separately to the economic, infrastructural, political-institutional, 

and human-capital variable groups to construct descriptive indices for country profiling 

[20]. PCA was performed on pooled country–year observations and therefore did not 

model the dependence between repeated observations from the same country. For this 

reason, and because the adequacy of a single-component representation differed across 

the four groups, the resulting indices were not used as controls in the principal B2 panel 

regressions. 

𝑧𝑖,𝑡,𝑗 =
𝑥𝑖,𝑡,𝑗−𝑥𝑗 ̅ 

𝑠𝑗
,  

where 𝑥𝑗̅  and 𝑠𝑗  are the mean and standard deviation of variable 𝑗. T he a nalysis was  

consequently based on correlations rather than on the original measurement scales. 

Sampling adequacy was evaluated using the overall Kaiser–Meyer–Olkin (KMO) 

measure and individual measures of sampling adequacy [21]. Hourly labour costs and 

internet use were removed from the economic and infrastructural groups, respectively, 

because of inadequate individual values. Tourist arrivals were removed from the human-

capital group because of their strong redundancy with population. No political-institu-

tional variable was removed. 

The final groups contained nine economic, six infrastructural, 13 political-institu-

tional, and four human-capital indicators, with overall KMO values of 0.559, 0.786, 0.887, 

and 0.480, respectively. The human-capital group was retained despite falling below the 

conventional 0.50 threshold because its variables formed a theoretically coherent set; the 

resulting component was interpreted cautiously. 
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The number of components supported by the data was examined using parallel anal-

ysis with 1000 independently permuted datasets. For each component, the observed ei-

genvalue was compared with the 95th percentile of the corresponding eigenvalues ob-

tained from the permuted data. The parallel analysis supported three components for the 

economic group, one for infrastructure, two for the political-institutional group, and one 

for human capital. The corresponding PCA diagnostics are reported in Section 3.2, while 

the complete PCA summary and PC1 loadings are provided in Table S2A and S2B, respec-

tively. 

For country profiling, PC1 explained 25.1% of the standardised variance in the eco-

nomic group, 65.4% in infrastructure, 51.1% in the political-institutional group, and 36.0% 

in human capital. The relatively low proportions for the economic and human-capital 

groups, together with the parallel-analysis results, limit the interpretation of these scores 

as complete representations of their respective domains. As component signs are arbi-

trary, the scores were interpreted from their joint loading patterns rather than from their 

absolute orientation. 

For each country, the four indices were averaged over 2005–2023. Each of the four 

resulting country-level variables was then standardised across the 23 countries. The final 

23 × 4 matrix therefore contained standardised country means rather than the original 

pooled PC1 scores. FDI, defence indicators, and uncertainty indices were not used to con-

struct the profiles. 

Six clustering methods were compared: K-means, spectral clustering, Ward hierar-

chical clustering, complete-linkage agglomerative clustering, Gaussian mixture model-

ling, and affinity propagation. Solutions containing two to six clusters were assessed for 

methods requiring the number of clusters to be specified, while affinity propagation se-

lected this number algorithmically. Internal validation used the silhouette coefficient, Da-

vies–Bouldin index, and Calinski–Harabasz statistic [22–24]. Table S3 reports the complete 

validation results. 

The three-cluster K-means solution had the highest silhouette coefficient among the 

K-means candidates and was fitted using 50 random initialisations and a fixed random 

seed of 12,345,678. Ward hierarchical clustering reproduced the same partition. The stand-

ardised country-level matrix and the resulting cluster centres are reported to make the 

profile construction reproducible, while Figure S1 presents a heatmap of the four stand-

ardised profile dimensions and the corresponding cluster membership of each country. 

The profiles were treated as descriptive groupings. Differences in defence–FDI coefficients 

were evaluated through pooled interaction models rather than inferred from statistical 

significance within separately estimated profile-specific regressions. 

2.6. Regularised Regression and Gradient Boosting 

Regularised regression and gradient-boosted regression trees were used as supple-

mentary predictive analyses. Ridge, Lasso, and Elastic Net assessed linear predictive pat-

terns under coefficient penalisation, while gradient boosting allowed nonlinearities and 

higher-order dependencies [25]. These models were evaluated according to their ability 

to predict FDI for countries excluded from model fitting and were not treated as causal 

estimators or as substitutes for the panel regressions. 

Ridge, Lasso, and Elastic Net minimised 

(𝛽̂0, 𝜷̂) = arg min
𝛽0,𝜷

[
1

2𝑛
∑(𝑦𝑖 − 𝛽0 − x𝑖

T𝜷)
2

𝑛

𝑖=1

+ λ (𝛼 ∑|𝛽𝑗|

𝑝

𝑗=1

+
1 − 𝛼

2
∑ 𝛽𝑗

2

𝑝

𝑗=1

)]  

where 𝑛  is the number of observations, 𝑝  is the number of predictors, 𝑦𝑖  is the FDI 

value, and x𝑖 is the predictor vector for observation 𝑖. The coefficient vector is 𝜷, λ ≥ 0 
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controls penalty strength, and 𝛼 ∈ [0, 1] determines the balance between the 𝐿1 and 𝐿2 

penalties. The intercept 𝛽0 was not penalised. Ridge corresponded to 𝛼 = 0 and Lasso 

to 𝛼 = 1, while the Elastic Net tuning procedure considered 𝛼 values of 0.25, 0.50, and 

0.75 [26–28]. The overall penalty parameter 𝜆 was selected within the inner cross-valida-

tion loop. 

The principal predictive dataset contained the six defence indicators, three global un-

certainty measures, and one PCA score for each of the four control-variable groups. Ob-

servations without originally recorded arms-import or defence-investment values were 

excluded, leaving 385 country–year observations. FDI remained expressed as a percentage 

of GDP. To assess the incremental predictive contribution of the defence indicators, a cor-

responding reduced predictor set was defined by removing all six defence variables while 

retaining the uncertainty measures and the four PCA-based control scores. The predictive 

analysis was kept separate from the principal B2 panel models, which used the eight ob-

served controls defined in Section 2.3. 

Predictive performance was evaluated using nested cross-validation grouped by 

country. The outer procedure consisted of five folds and produced predictions for coun-

tries excluded from model fitting. Within each outer training sample, four-fold country-

grouped cross-validation was used to select the penalty or tree hyperparameters. All pre-

processing was repeated using only the observations in the relevant training fold. This 

included median replacement of missing control values, variable standardisation, estima-

tion of the retained PCA transformations, and transformation of the corresponding vali-

dation observations. Information from an outer validation fold was therefore not used for 

preprocessing, variable screening, component construction, or hyperparameter selection. 

The models using the complete and reduced predictor sets were evaluated with identical 

outer-fold assignments so that their out-of-fold prediction errors could be compared ob-

servation by observation. The eight country-specific spline interpolations described in 

Section 2.4 were completed before the country-grouped folds were formed. Because the 

folds were defined by country, no observation from an outer validation country entered a 

training sample; however, each interpolated value used adjacent observations from the 

same country. The predictive analysis therefore assessed transfer to countries excluded 

from model fitting rather than forecasting their future observations. 

For Ridge and Lasso, the candidate penalty values covered logarithmically spaced 

grids from 10−3 to 103 and from 10−3 to 101, respectively. Elastic Net combined pen-

alty values from 10−3 to 101 with 𝐿1-mixing parameters of 0.25, 0.50, and 0.75. For each 

outer training sample, the combination producing the lowest mean inner-fold RMSE was 

retained. 

The gradient-boosting grid considered 50 or 100 trees, maximum tree depths of two 

or three, learning rates of 0.01 or 0.03, and minimum terminal-node sizes of three or seven. 

Hyperparameters were selected by minimising mean RMSE across the inner country-

grouped folds. A fixed random seed of 12,345,678 was used for reproducibility. 

The predictions from the five outer folds were combined to calculate out-of-fold 𝑅2, 

RMSE, and mean absolute error (MAE). Performance was also reported separately for 

each outer fold and compared with a benchmark that assigned each validation observa-

tion the mean FDI value from the corresponding training sample. The complete nested 

procedure was conducted for the full predictor set and for the reduced set excluding all 

defence indicators, using the same country-grouped outer folds. Paired differences in 

mean squared prediction error were calculated between the two predictor sets and be-

tween each fitted model and its corresponding training-mean benchmark. Uncertainty in-

tervals for these differences were obtained from 5000 bootstrap samples drawn at the 

country level. The bootstrap resampled countries together with their fixed out-of-fold pre-

dictions and therefore quantified uncertainty in the observed paired prediction-error 
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differences; it did not repeat the complete preprocessing and model-tuning procedure 

within every bootstrap sample. Positive full-minus-reduced differences indicated poorer 

performance after the defence indicators were included. Model interpretation was condi-

tional on demonstrable out-of-country predictive performance, and the comparison was 

treated as evidence about the evaluated predictor sets and algorithms rather than as proof 

that defence information could not improve prediction under any alternative design. 

Predictor-selection frequencies were calculated across the five outer training samples 

for Lasso and Elastic Net; a predictor retained in only one or two outer samples was not 

treated as stable. As the gradient-boosting model did not demonstrate reliable improve-

ment over the benchmark or the corresponding model without defence indicators, Shap-

ley-value attribution was not retained as substantive evidence. Table S6A–D report the 

overall and fold-specific performance, selected hyperparameters, and predictor-selection 

frequencies, while Table S6E,F report the matched comparison with the reduced predictor 

set and the paired country-bootstrap results. As a country-coverage sensitivity analysis, 

the complete nested predictive procedure was repeated after excluding Hungary, Ireland, 

and the Netherlands. The reduced-country predictive sample contained 335 country–year 

observations from 20 countries. The outer and inner folds remained grouped by country, 

and median replacement, variable screening, standardisation, PCA estimation, hyperpa-

rameter selection, and model fitting were all repeated within the relevant training sam-

ples. Performance was evaluated using pooled out-of-fold 𝑅2, RMSE, and MAE, with un-

certainty intervals obtained from 5000 country-level bootstrap samples. Predictor-selec-

tion frequencies were recalculated for the reduced-country sample. The results of this 

analysis are reported in Table S12A–E. 

2.7. Panel Regressions and Temporal Predictability 

Panel regressions were used to estimate conditional contemporaneous associations 

between each defence indicator and FDI [29]. All specifications included country fixed 

effects to control for time-invariant differences between countries and year fixed effects to 

absorb common annual shocks. The same nested sequence of control sets was applied to 

each defence indicator, thereby avoiding changes in the fixed-effects structure or control 

strategy across indicators. 

𝐹𝐷𝐼𝑖,𝑡 = β0 + β1𝐷𝑖,𝑡 + 𝛄T𝐗𝑖,𝑡 + μ𝑖 + τ𝑡 + ε𝑖,𝑡  

Here, 𝐹𝐷𝐼𝑖,𝑡 denotes net FDI inflows as a percentage of GDP, 𝐷𝑖,𝑡 is the defence in-

dicator, and 𝐗𝑖,𝑡 is the relevant control vector. Country and year fixed effects are denoted 

by 𝜇𝑖 and τ𝑡, respectively. The coefficient β1 therefore measures the conditional within-

country association between the defence indicator and FDI after accounting for the in-

cluded controls and common annual effects. The global uncertainty indices were not en-

tered as separate main effects because their values were identical for all countries within 

a year and were consequently absorbed by the year fixed effects. 

Military expenditure as a percentage of GDP and as a percentage of government ex-

penditure entered the models in their original percentage scales. Military expenditure per 

capita and defence investment were log-transformed because of their pronounced right-

skewness. GMI was entered in levels; the reciprocal-GMI specification used in the prelim-

inary analysis was not retained because it arose from exploratory functional-form assess-

ment. Arms imports were transformed using the inverse hyperbolic sine, which accom-

modates zero values without requiring a logarithmic offset. Only originally observed 

arms-import values were used. The common B0–B2 specifications are summarised in Ta-

ble 2. As an additional measurement check, defence investment was also expressed as a 

percentage of GDP and as a percentage of estimated total military expenditure. Total mil-

itary expenditure was calculated by multiplying GDP by military expenditure as a 
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percentage of GDP and dividing by 100. Both investment-intensity ratios were log-trans-

formed and estimated using the B0–B2 specifications. These alternatives were treated as 

exploratory because they were constructed after the principal indicator set had been de-

fined. 

Table 2. Common panel-regression specifications. 

Model Defence Specification Controls Fixed Effects 

B0 One defence indicator None Country and year 

B1 One defence indicator 
Log GDP per capita, trade openness, inflation, gross cap-

ital formation, and unemployment 
Country and year 

B2 One defence indicator 
B1 controls, secondary-school enrolment, research and 

development expenditure, and regulatory quality 
Country and year 

Note: Each defence indicator was entered in a separate model. B2 was treated as the principal spec-

ification. The two primary indicators were military expenditure as a percentage of GDP and military 

expenditure as a percentage of government expenditure. The four secondary indicators were log 

military expenditure per capita, log defence investment, GMI, and inverse-hyperbolic-sine-trans-

formed arms imports. 

𝐹𝐷𝐼𝑖,𝑡 = β0 + β1𝐷𝑖,𝑡
𝑐 + β2(𝐷𝑖,𝑡

𝑐 × 𝐺𝑃𝑅𝑡
𝑐) + 𝜸T𝐗𝑖,𝑡 + μ𝑖 + 𝜏𝑡 + ε𝑖,𝑡  

Moderation by global geopolitical risk was examined separately for the two primary 

defence indicators. The defence indicator and GPR were centred at their sample means 

before constructing the interaction term. The GPR main effect was absorbed by the year 

fixed effects, but its interaction with a country-varying defence indicator remained iden-

tifiable. Marginal defence slopes were calculated at the 10th, 50th, and 90th percentiles of 

GPR. The corresponding GPR values, marginal slopes, confidence intervals, and 𝑝-values 

under country-clustered and Driscoll–Kraay inference are reported in Table S8D. Possible 

changes in the primary defence–FDI associations over time were examined in additional 

segmented-slope models. Each primary indicator was interacted with indicators for 2014–

2023 and 2022–2023, producing estimated slopes for 2005–2013, 2014–2021, and 2022–2023. 

The two interaction coefficients were tested jointly using country-clustered and Driscoll–

Kraay covariance estimates. These models retained the B2 controls and country and year 

fixed effects. They were interpreted as exploratory tests of coefficient stability rather than 

as event-study or causal estimates, particularly because the final segment contained only 

two years. 

Inference was assessed using three complementary procedures. First, standard errors 

were clustered by country, using 22 degrees of freedom in the principal 23-country sam-

ple. Second, Driscoll–Kraay standard errors were calculated to allow for heteroscedastic-

ity, serial correlation, and general cross-sectional dependence [30]. A bandwidth of two 

years was used for the principal Driscoll–Kraay results, with bandwidths of one and three 

examined as sensitivity checks. The complete B2 results for bandwidths of one, two, and 

three years are reported in Table S5D. Third, restricted wild-cluster-bootstrap 𝑡-tests used 

9999 replications and Webb’s six-point weights [31]. Coefficients, 95% confidence inter-

vals, and the results of all three inference procedures were reported. As these procedures 

address different forms of sampling uncertainty, agreement across them was treated as 

stronger evidence than an isolated threshold crossing under a single covariance estimator. 

Residual cross-sectional dependence was assessed using Pesaran’s CD test [32], with 

the complete results reported in Table S4. For the two primary defence indicators, Holm 

adjustment was applied separately within each B0–B2 specification to the 𝑝-values ob-

tained from each inferential procedure: country-clustered, Driscoll–Kraay, and wild-clus-

ter-bootstrap inference [33]. This allowed the multiplicity-adjusted conclusions to be 

https://doi.org/10.3390/su182110962


Sustainability 2026, 18, 10962 14 of 41 
 

https://doi.org/10.3390/su182110962 

compared without treating one covariance estimator as the sole basis for inference. For 

the four secondary indicators, false-discovery-rate-adjusted 𝑝-values were calculated us-

ing the Benjamini–Hochberg procedure [34]. The same procedure was applied to the two 

exploratory defence-investment-intensity indicators within each specification. The post-

2014 and post-2022 interaction coefficients were additionally assessed using a joint test for 

each primary defence indicator. Unadjusted and adjusted values were both reported. 

Moderation, segmented-slope, alternative defence-investment, and country-profile anal-

yses were classified as exploratory. 

Country-profile differences were assessed in pooled models containing interactions 

between the defence indicator and the profile-membership indicators. These models re-

tained the B2 controls and both country and year fixed effects. The two interaction coeffi-

cients were tested jointly using country-clustered covariance estimates and a wild-cluster 

bootstrap test. This approach tested whether the slopes differed across profiles without 

relying on comparisons of statistical significance from separately estimated small-sample 

regressions. The analysis was conducted for the two primary defence indicators and GMI 

and was interpreted descriptively. 

To express the magnitude of the primary associations on a comparable scale, the 

within-country standard deviations of each defence indicator and FDI were calculated af-

ter subtracting the corresponding country means in each estimation sample. The esti-

mated B2 coefficient was multiplied by the within-country standard deviation of the de-

fence indicator to obtain the change in FDI percentage points associated with a one-stand-

ard-deviation within-country change in that indicator. A fully standardised coefficient 

was additionally obtained by dividing this quantity by the within-country standard devi-

ation of FDI. The same calculations were applied to the principal country- and period-

sensitivity samples. 

Dynamic sensitivity was first examined by adding one-year-lagged FDI to each pri-

mary B2 fixed-effects model while retaining the country and year effects and the three 

inference procedures. Because lagged dependent-variable fixed-effects estimates may be 

biased in panels with a limited time dimension, these models were treated as sensitivity 

analyses rather than preferred estimators. A parsimonious one-step difference-GMM 

analysis was also conducted after excluding Hungary, Ireland, and the Netherlands [35]. 

Lagged FDI and the defence indicator were treated as predetermined and instrumented 

using collapsed level instruments dated (t-2) and (t-3). The B2 controls entered in first 

differences, and indicators for the post-2014 and post-2022 periods were included to limit 

the number of time instruments. The resulting specifications used 14 instruments for 20 

countries, thereby keeping the instrument count below the number of cross-sectional units 

[36]. Instrument validity and residual dependence were assessed using the Hansen overi-

dentification test and the Arellano–Bond AR(1) and AR(2) tests. All dynamic results were 

reported irrespective of whether the diagnostic tests supported the specification. 

Lagged predictability between FDI and each defence indicator was examined in both 

directions using the Dumitrescu–Hurlin heterogeneous-panel non-causality test [37,38]. 

Before estimation, each series was demeaned by year to reduce the influence of shocks 

shared by all countries. The direction from defence to FDI was represented by the follow-

ing model: 

𝐹𝐷𝐼𝑖,𝑡 = α𝑖 + ∑ γ𝑖,𝑘
𝐾
𝑘=1 𝐹𝐷𝐼𝑖,𝑡−𝑘 + ∑ β𝑖,𝑘

𝐾
𝑘=1 𝐷𝑖,𝑡−𝑘 + ε𝑖,𝑡.  

The variables exchanged roles in the reverse-direction tests. The null hypothesis, 

𝐻0: β𝑖,1 = ⋯ = β𝑖,𝐾 = 0, ∀𝑖  

states that past defence values do not improve the prediction of FDI in any country be-

yond the information contained in past FDI. Rejection of the null indicates that past values 
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of the predictor contain additional information for forecasting the outcome in at least a 

subset of countries. It does not identify those countries or establish a structural causal 

effect. 

Common lag orders of one and two years were examined. FDI, both primary mili-

tary-expenditure indicators, log defence investment, GMI, and inverse-hyperbolic-sine-

transformed arms imports entered the tests in levels, while log military expenditure per 

capita was first-differenced. The level specification was supported by the CIPS results for 

the complete panel and, where relevant, the smaller balanced samples. In the 18-country 

defence-investment sample, the unit-root null for FDI was rejected at the 1% level. In the 

13-country arms-import sample, however, it was rejected only at the 10% level; the tem-

poral results involving arms imports were therefore treated as exploratory. Analyses of 

variables with incomplete observations used the largest balanced country subset contain-

ing only originally observed values. This resulted in 18 countries for defence investment 

and 13 countries for arms imports; missing arms-import observations were not replaced 

by zeros. 

The conventional finite-𝑇 standardised statistic was calculated for each direction–lag 

combination. Because the test may be affected by dependence across countries, residual 

cross-sectional dependence was examined using Pesaran’s CD statistic calculated from 

the unrestricted-model residuals. These diagnostic residuals were obtained from the al-

ternative specification containing both the outcome’s own lags and the predictor lags; they 

were used only to assess residual dependence and did not serve as bootstrap innovations. 

The conventional test results were retained as descriptive reference estimates, but the 

principal temporal-predictability inference was based on a restricted-residual circular 

moving-block bootstrap. For each country, the outcome was first estimated under the null 

model containing only its own lags. The resulting restricted-model residuals were centred 

within country, arranged by year, and used as the bootstrap innovations. Common circu-

lar blocks of annual residual vectors were resampled synchronously across countries, 

thereby preserving the remaining contemporaneous cross-country dependence while re-

taining short-range temporal dependence. Bootstrap outcome series were generated re-

cursively under the null hypothesis, and the mean country-specific Wald statistic was re-

calculated for each bootstrap sample. Cross-sectional demeaning was not repeated within 

the bootstrap replications: it was applied once to the observed series before model estima-

tion, while the synchronous resampling of the restricted-residual vectors was used to pre-

serve the dependence remaining after that transformation. The principal procedure used 

blocks of three years and 999 bootstrap replications; block lengths of two and four years, 

each with 399 replications, were examined as sensitivity checks. A fixed random seed of 

12,345,678 was used for reproducibility. 

The Benjamini–Hochberg procedure was applied jointly to the 24 bootstrap 𝑝-values 

representing all combinations of defence indicator, direction, and lag order. Temporal-

predictability evidence was treated as notable only when the Benjamini–Hochberg-ad-

justed block-bootstrap 𝑞-value was below 0.05. The conventional standardised-test 𝑝-val-

ues and their adjustments were reported for comparison but were not used as the final 

basis for claims when they conflicted with the dependence-robust bootstrap results. Bidi-

rectional predictability, if supported, would indicate that the two series contained infor-

mation about each other’s subsequent values; it would not establish simultaneous causa-

tion or structural feedback. The original set of time-demeaned tests was also repeated after 

excluding Hungary, Ireland, and the Netherlands, using the same transformations, lag 

orders, balanced-subpanel requirements, and directional hypotheses. This reduced-coun-

try analysis was retained as a descriptive country-composition sensitivity check. The com-

plete conventional and block-bootstrap results are reported in Table S7A,B, while the re-

duced-country results are reported in Table S13. 
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All data preparation, statistical analyses, predictive modelling, and figure generation 

were performed using Python 3.12.14 (Python Software Foundation, Wilmington, DE, 

USA). The tested computational environment used NumPy 2.3.5, pandas 2.2.3, SciPy 

1.17.0, scikit-learn 1.8.0, openpyxl 3.1.5, and Matplotlib 3.10.6. The complete software en-

vironment, package versions, fixed random seeds, and execution instructions are docu-

mented in Supplementary Files. 

3. Results 

3.1. Data Characteristics and Preliminary Relationships 

The principal panel contained 437 observations for 23 European Union countries over 

2005–2023. Defence-investment analyses used 423 observations because 14 values re-

mained unavailable. Arms-import analyses used 397 observations because the 40 origi-

nally missing values were retained as missing. The main outcome and both primary de-

fence indicators were available for all 437 country–year observations, although the inclu-

sion of secondary-school enrolment reduced the B2 estimation sample to 436 observations. 

Table 3 shows substantial dispersion and asymmetry in several variables. FDI has a 

strongly right-skewed and heavy-tailed distribution, while its negative minimum repre-

sents country–years in which net disinvestment exceeded new inward investment. De-

fence investment and arms imports are also markedly right-skewed, reflecting a relatively 

small number of large observations. The three uncertainty indices use different numerical 

scales, so their absolute dispersion is not directly comparable. 

The largest FDI value was recorded for Hungary in 2020 (105.64% of GDP), while the 

lowest was recorded for Hungary in 2018 (−40.11%). Other prominent positive observa-

tions included the Netherlands in 2007 (85.98%) and Ireland in 2015 (74.82%). Studentised 

residuals, leverage values, and Cook’s distances identified these and several other obser-

vations, particularly those from Hungary and the Netherlands, as potentially influential. 

The observations were retained in the principal sample because they could not be classi-

fied as data errors. Their influence was examined through leave-one-country-out estima-

tion and through a sensitivity analysis that jointly excluded Hungary, Ireland, and the 

Netherlands. 

Table 3. Pooled descriptive statistics for FDI, defence, and global uncertainty indicators. 

Variable N Mean Median SD IQR Minimum Maximum 

FDI net inflows, % of GDP 437 5.51 3.18 12.13 3.87 −40.11 105.64 

Military expenditure, % of GDP 437 1.46 1.38 0.54 0.62 0.21 4.00 

Military expenditure, % of government ex-

penditure 
437 3.28 3.01 1.29 1.52 0.89 8.74 

Military expenditure per capita, EUR 437 321.45 284.31 185.57 251.11 69.43 1265.47 

Defence investment, EUR million 423 1531.62 398.90 2645.25 1428.39 2.41 14,200.00 

Global Militarisation Index 437 114.58 111.30 31.93 37.45 43.51 215.57 

Arms imports, SIPRI TIV 397 119.26 47.00 189.29 134.00 0.00 1665.00 

Geopolitical Risk Index 437 96.99 93.74 18.24 21.00 77.30 157.58 

Global Economic Policy Uncertainty Index 437 156.44 148.31 65.04 94.30 63.23 306.53 

World Uncertainty Index 437 21,864.82 20,001.84 7131.83 9006.09 10,173.53 40,648.58 

Note: Statistics are pooled across country–year observations. Defence-investment statistics use the 

423 available observations, and arms-import statistics use 397 originally observed values. Arms im-

ports are expressed as SIPRI trend-indicator values (TIV). The three global uncertainty indices vary 

annually, with the same value assigned to every country in a given year. 
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Figure 1 complements the pooled descriptive statistics by showing the annual medi-

ans and interquartile ranges of FDI and the two primary defence indicators. Median FDI 

was comparatively high during the first years of the study period and subsequently fluc-

tuated at lower levels, while its interquartile range varied substantially across years. Both 

military-expenditure measures declined until approximately 2014–2015 and then gener-

ally increased, although their annual distributions continued to overlap across the marked 

periods. The figure therefore indicates gradual changes and considerable cross-country 

dispersion rather than a clearly isolated shift in 2014, 2020, or 2022. 

 

Figure 1. Annual distributions of FDI, military expenditure as a percentage of GDP, and military 

expenditure as a percentage of government expenditure, 2005–2023. The solid lines show annual 

country medians, and the shaded areas show interquartile ranges. The vertical markers identify 

2014, the beginning of the main COVID-19 period in 2020, and 2022. These dates are shown for 

descriptive orientation and do not represent estimated causal break points. 

The pooled correlations in Table 4 were small in absolute magnitude. Before adjust-

ment for multiple testing, FDI was negatively correlated with military expenditure as a 

percentage of GDP, defence investment, GMI, the Global Economic Policy Uncertainty 

Index, and the World Uncertainty Index at the 5% level. After Benjamini–Hochberg ad-

justment across the nine correlations, only the association with the Global Economic Pol-

icy Uncertainty Index remained below the 5% false-discovery-rate threshold. These 

pooled coefficients do not account for country or year effects and should not be interpreted 

as conditional within-country relationships. 

Table 4. Pooled Pearson correlations of FDI and the defence and global uncertainty indicators. 

Indicator N 
Correlation 

with FDI 

Unadjusted 𝒑-

Value 

BH-Adjusted 𝒒-

Value 
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Military expenditure, % of GDP 437 −0.100 0.036 0.087 

Military expenditure, % of government expenditure 437 −0.054 0.257 0.257 

Military expenditure per capita 437 −0.084 0.078 0.118 

Defence investment 423 −0.119 0.014 0.065 

Global Militarisation Index 437 −0.098 0.040 0.087 

Arms imports 397 −0.066 0.192 0.216 

Geopolitical Risk Index 437 −0.068 0.156 0.200 

Global Economic Policy Uncertainty Index 437 −0.150 0.002 0.015 

World Uncertainty Index 437 −0.094 0.049 0.087 

Note: Coefficients are pooled across country–year observations and do not control for country or 

year effects. Pairwise available observations were used. The Benjamini–Hochberg adjustment was 

applied jointly to the nine reported correlations. The global uncertainty indices vary only by year. 

Several control variables exhibited moderate or strong pooled pairwise dependen-

cies. This finding supported the use of penalisation and fold-specific PCA in the supple-

mentary predictive analysis. In the principal panel regressions, multicollinearity was lim-

ited by using the eight observed controls defined for the B2 specification rather than en-

tering the complete initial control set simultaneously. Pooled correlations alone do not 

establish conditional, within-country, or nonlinear predictive relationships. 

In the complete 23-country sample, the CIPS statistic was −2.720 for FDI, rejecting the 

unit-root null at the 1% level. Rejection was obtained at the 5% level for military expendi-

ture as a percentage of GDP (−2.339), military expenditure as a percentage of government 

expenditure (−2.358), and GMI (−2.367), and at the 1% level for log defence investment 

(−2.600) and inverse-hyperbolic-sine-transformed arms imports (−3.199). For log military 

expenditure per capita, the statistic of −2.197 crossed the 10% but not the 5% critical value. 

This variable was therefore first-differenced in the temporal-predictability analysis. 

The results were generally similar after Hungary, Ireland, and the Netherlands were 

excluded. The unit-root null was rejected at the 1% level for FDI (−3.272), both primary 

military-expenditure measures (−2.596 and −2.438), log defence investment (−2.464), and 

transformed arms imports (−3.089), and at the 5% level for GMI (−2.290). In contrast, the 

reduced-sample CIPS statistic for log military expenditure per capita was −2.030 and did 

not reject the unit-root null even at the 10% level. The country-specific ADF and KPSS 

diagnostics showed substantial heterogeneity and, for several variables, differing conclu-

sions across countries. The panel-level CIPS rejections were therefore interpreted as evi-

dence about the joint panel rather than as confirmation that every national series was sta-

tionary. Table S1A–C report the CIPS and country-specific stationarity diagnostics, while 

Table S1D reports the first-difference sensitivity model. 

3.2. Principal Components and Country Profiles 

PCA was conducted separately for the economic, infrastructure, political-institu-

tional, and human-capital variable groups. Table 5 reports the sampling-adequacy 

measures, the variance explained by PC1, and the number of components supported by 

parallel analysis. The infrastructure and political-institutional groups had the strongest 

common correlation structures. Sampling adequacy was weaker for the economic group, 

while the KMO value of 0.480 for human capital was below the conventional threshold of 

0.50. Results based on the latter component therefore require particular caution. 

Table 5. PCA diagnostics and parallel-analysis results. 

Variable Group 
Number of Re-

tained Variables 

Overall 

KMO 

Variance Explained 

by PC1, % 

Components Supported by 

Parallel Analysis 

Economic conditions 9 0.559 25.1 3 
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Infrastructure 6 0.786 65.4 1 

Political-institutional conditions 13 0.887 51.1 2 

Human capital 4 0.480 36.0 1 

Note: The number of components was determined by comparing the observed eigenvalues with the 

95th percentiles of eigenvalues obtained from 1000 independently permuted datasets. PC1 was re-

tained solely to provide one descriptive country-profile measure for each group. 

PC1 explained 65.4% of the standardised variance in infrastructure and 51.1% in the 

political-institutional group, compared with 25.1% in the economic group and 36.0% in 

human capital. Parallel analysis supported one component for infrastructure and human 

capital, three components for the economic group, and two for the political-institutional 

group. A single component therefore provided only a partial representation of the eco-

nomic and political-institutional variables. PC1 was nevertheless retained as a common 

descriptive summary for country profiling, which required one score for each of the four 

domains. The PCA scores were not used as controls in the principal B2 regressions. The 

complete eigenvalues and PC1 loading patterns are reported in Table S2A and S2B, re-

spectively. 

The four country-level PC1 means were standardised across the 23 countries before 

clustering. Among the K-means candidates, the three-cluster solution had the highest sil-

houette coefficient (0.428) and was retained. Its Davies–Bouldin index was 0.781 and its 

Calinski–Harabasz statistic was 20.366. Ward hierarchical clustering produced the same 

partition, indicating that the grouping was not specific to K-means. Table 6 presents clus-

ter membership and centres calculated from the standardised country-level matrix. The 

country-specific values forming this matrix are provided in Supplementary Data S1, while 

Table S3 reports the validation results for all clustering methods and candidate cluster 

numbers. 

Table 6. Country profiles and cluster centres in the standardised country-level PCA matrix. 

Profile Countries 
Economic 

Centre 

Infrastructure 

Centre 

Political-Institu-

tional Centre 

Human-Capi-

tal Centre 

Profile 1 Germany, Spain, France, Italy −0.339 1.957 0.408 −0.834 

Profile 2 

Bulgaria, Czechia, Greece, Croatia, Hungary, 

Lithuania, Latvia, Poland, Portugal, Romania, 

Slovakia, Slovenia 

−0.564 −0.522 −0.746 −0.398 

Profile 3 
Austria, Belgium, Estonia, Finland, Ireland, the 

Netherlands, Sweden 
1.160 −0.223 1.046 1.159 

Note: The centres are means of the standardised country-level PC1 averages used in K-means clus-

tering. They describe positions relative to the 23-country sample and should be interpreted together 

with the component loadings in Table S2B. Because PCA orientation is arbitrary, positive values do 

not inherently indicate more favourable conditions. Country-specific scores are provided in Supple-

mentary Data S1. 

Profile 1 comprised Germany, Spain, France, and Italy and was distinguished pri-

marily by its high infrastructure score. Its mean human-capital score was below the 23-

country average. Profile 2 contained 12 countries and had below-average centres on all 

four dimensions, with the largest relative difference in the political-institutional score. 

Profile 3 contained seven countries and had the highest economic, political-institutional, 

and human-capital centres, while its infrastructure centre was slightly below the sample 

average. Figure S1 presents the standardised country-level scores underlying these cluster 

centres. It also shows variation among countries assigned to the same profile, confirming 
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that the clusters represent overall multivariate proximity rather than uniform national 

characteristics. 

The profiles represent long-term similarities derived from country averages over 

2005–2023. They should not be interpreted as predetermined institutional regimes, annual 

transitions, or causal country classifications. Subsequent heterogeneity analysis used 

pooled interaction models to test jointly whether the coefficients of the two primary de-

fence indicators or GMI differed across the three profiles. 

3.3. Nested Predictive-Modelling Results 

The nested predictive analysis used 385 country–year observations with complete 

values for the six defence indicators and three global uncertainty measures. Table 7 com-

pares the pooled out-of-fold performance obtained using the complete predictor set with 

the performance of otherwise equivalent models from which all six defence indicators 

were removed. Identical outer country-grouped folds were used for the two predictor 

sets. None of the models using the complete predictor set demonstrated reliable improve-

ment over the corresponding training-mean benchmark. Elastic Net produced the highest 

out-of-fold 𝑅2 among these models, but its value was only 0.019. Ridge and Lasso each 

produced an out-of-fold 𝑅2 of approximately 0.011, whereas gradient boosting produced 

a negative value of −0.025. 

Table 7. Out-of-fold predictive performance from nested country-grouped cross-validation. 

Predictor Set Method N Out-of-Fold 𝑹𝟐 RMSE MAE 

Benchmark Training-mean  385 −0.002 12.684 6.513 

Complete Ridge 385 0.011 12.603 6.210 

Complete Lasso 385 0.011 12.605 6.210 

Complete Elastic Net 385 0.019 12.556 6.137 

Complete Gradient boosting 385 −0.025 12.835 6.611 

Without defence indicators Ridge 385 0.025 12.513 6.120 

Without defence indicators Lasso 385 0.009 12.614 6.253 

Without defence indicators Elastic Net 385 0.028 12.494 6.095 

Without defence indicators Gradient boosting 385 0.018 12.557 6.031 

Note: Predictions were obtained from the outer validation folds of nested cross-validation grouped 

by country. The complete predictor set included all six defence indicators, whereas the reduced 

predictor set excluded them while retaining the three uncertainty measures and four fold-specific 

PCA control scores. The training-mean benchmark assigned each validation observation the mean 

FDI value from the corresponding outer training sample. RMSE denotes root mean squared error, 

and MAE denotes mean absolute error; both are expressed in FDI percentage points. Complete and 

reduced predictor sets used identical outer-fold assignments. Fold-specific results are reported in 

Table S6A,B. 

The comparison with the training-mean benchmark remained uncertain. Relative to 

the benchmark, the complete Ridge, Lasso, and Elastic Net models reduced RMSE by 

0.081, 0.079, and 0.128 percentage points, respectively, whereas gradient boosting in-

creased it by 0.151 percentage points. However, the 95% country-bootstrap intervals for 

all four differences included zero. Thus, none of the complete models established a reliable 

improvement over prediction based only on the mean FDI value in the corresponding 

outer training sample. 

The paired comparisons differed across modelling methods. For Ridge, Elastic Net, 

and gradient boosting, the models without the defence indicators produced lower RMSE 

values than their complete counterparts. The complete-minus-reduced RMSE differences 

were 0.090 for Ridge, 0.062 for Elastic Net, and 0.278 for gradient boosting; their respective 
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95% country-bootstrap intervals were [0.007, 0.181], [0.002, 0.126], and [0.034, 0.826]. Pos-

itive differences indicate poorer performance by the models containing the defence indi-

cators. For Lasso, the corresponding difference was −0.009, with a 95% interval of [−0.097, 

0.070], and was therefore inconclusive. Thus, including the evaluated defence indicators 

did not improve prediction under any of the four fitted methods and was associated with 

poorer out-of-country performance for three of them. These findings do not rule out pre-

dictive value under alternative variable definitions or modelling designs. The complete 

paired comparisons are reported in Table S6E,F. 

The sparse-model selection frequencies are reported in Table 8. The economic PC1 

score was retained in all five outer training samples by both Lasso and Elastic Net. The 

Global Economic Policy Uncertainty Index was retained in four Lasso samples and all five 

Elastic Net samples, while the infrastructure PC1 score was retained in two and three 

samples, respectively. GPR was selected in all five Elastic Net samples but in only one 

Lasso sample. Selection frequencies and mean standardised coefficients are reported in 

Table S6D. 

Table 8. Predictor-selection frequency across the five outer training samples. 

Predictor Lasso, % Elastic Net, % 

Military expenditure, % of GDP 0 20 

Military expenditure, % of government expenditure 20 20 

Log military expenditure per capita 20 40 

Log defence investment 0 60 

Global Militarisation Index 0 40 

Inverse-hyperbolic-sine-transformed arms imports 40 20 

Geopolitical Risk Index 20 100 

Global Economic Policy Uncertainty Index 80 100 

World Uncertainty Index 0 20 

Economic PC1 score 100 100 

Infrastructure PC1 score 40 60 

Political-institutional PC1 score 0 20 

Human-capital PC1 score 20 60 

Note: Selection frequency is the percentage of the five outer training samples in which the fitted 

coefficient was non-zero after the penalty had been selected by inner country-grouped cross-valida-

tion. Ridge is omitted because it does not set coefficients exactly to zero. Frequencies of 20%, 40%, 

60%, 80%, and 100% correspond to selection in one, two, three, four, and five outer training samples, 

respectively. Selection is a predictive result and does not indicate statistical significance or causality. 

No defence indicator was selected consistently. Military expenditure as a percentage 

of GDP was not selected by Lasso and was retained in only one Elastic Net sample. Mili-

tary expenditure as a percentage of government expenditure was selected in one outer 

training sample by each method. Log military expenditure per capita was retained in one 

Lasso and two Elastic Net samples, while log defence investment was not selected by 

Lasso but was retained in three Elastic Net samples. GMI was retained in two Elastic Net 

samples and none of the Lasso samples, whereas arms imports were retained in two Lasso 

samples and one Elastic Net sample. The selection patterns therefore do not support a 

stable incremental predictive contribution from any defence indicator. 

As a separate country-composition sensitivity analysis, the nested predictive analysis 

using the complete predictor set was repeated after excluding Hungary, Ireland, and the 

Netherlands, reducing the sample to 335 country–year observations. Gradient boosting 

produced an overall out-of-fold 𝑅2 of 0.026, an RMSE of 4.924 percentage points, and an 

MAE of 2.845 percentage points. Its country-bootstrap 95% confidence interval for 𝑅2, 
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however, ranged from −0.256 to 0.163. Ridge produced a similarly small positive 𝑅2 of 

0.024, whereas the corresponding values for Lasso and Elastic Net were −0.016 and −0.008. 

The confidence intervals for all four methods included zero, predictor selection remained 

unstable, and no defence indicator was retained in all five outer training samples by either 

Lasso or Elastic Net. The complete performance estimates, fold-specific results, tuning pa-

rameters, fold-specific coefficients, and selection frequencies for this sensitivity analysis 

are reported in Table S12A–E. 

Taken together, the predictive results indicate that the available predictors explained 

little transferable variation in FDI for countries excluded from model fitting. None of the 

complete models demonstrated reliable improvement over the training-mean benchmark. 

In the paired comparisons, Ridge, Elastic Net, and gradient boosting performed better 

without the defence indicators, while the Lasso comparison was inconclusive. Predictor 

retention varied across the outer training samples, and no defence indicator was selected 

consistently. The country-composition sensitivity analysis led to the same broader conclu-

sion: although gradient boosting and Ridge produced small positive point estimates of 

out-of-fold 𝑅2 after Hungary, Ireland, and the Netherlands were excluded, their confi-

dence intervals were wide and included zero. These results do not support substantive 

interpretation of model-specific importance measures, and Shapley-value results from the 

preliminary analysis were therefore not retained. 

3.4. Panel Regression and Robustness Results 

Table 9 reports the fixed-effects panel estimates. All specifications include country 

and year fixed effects. Because the residuals exhibited strong cross-sectional dependence, 

the interpretation gives particular weight to Driscoll–Kraay inference, supplemented by 

country-clustered standard errors and the wild-cluster bootstrap. The estimated coeffi-

cients represent conditional contemporaneous associations and should not be interpreted 

as causal effects. 

The two primary defence indicators produced positive coefficients in all three speci-

fications. In the fully adjusted B2 models, a one-percentage-point increase in military ex-

penditure relative to GDP was associated with a 5.428-percentage-point increase in FDI 

relative to GDP. The corresponding Driscoll–Kraay 95% confidence interval ranged from 

1.377 to 9.478. Military expenditure relative to government expenditure had a B2 coeffi-

cient of 1.844, with a Driscoll–Kraay 95% confidence interval from 0.309 to 3.378. Before 

adjustment for the two primary hypotheses, both results were below the 5% threshold 

under country-clustered, Driscoll–Kraay, and wild-cluster-bootstrap inference. After 

Holm adjustment, the two country-clustered 𝑝-values were 0.053 and therefore narrowly 

exceeded 0.05. The Holm-adjusted wild-cluster-bootstrap 𝑝-values were 0.037, while the 

Holm-adjusted Driscoll–Kraay 𝑝-values were 0.023 when the principal bandwidth of two 

years was used. The Driscoll–Kraay conclusions were unchanged with bandwidths of one 

and three years. Thus, the positive coefficients were supported by dependence-robust and 

bootstrap inference after multiplicity adjustment but not by the adjusted country-clus-

tered tests. 

Because a one-percentage-point change exceeded the within-country variation ob-

served in most countries, effect sizes were also calculated for an increase of one within-

country standard deviation in each indicator. In the main B2 sample, such an increase 

corresponded to 1.511 FDI percentage points for military expenditure relative to GDP and 

1.251 points for military expenditure relative to government expenditure. Their Driscoll–

Kraay 95% confidence intervals were 0.383 to 2.638 and 0.210 to 2.292 percentage points, 

respectively. Figure 2 compares these standardised estimates with the corresponding es-

timates from the principal country and period sensitivity analyses; the complete calcula-

tions are reported in Table S10. 
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Figure 2. Within-country standardised associations between the primary military-expenditure indi-

cators and FDI. Points show the estimated change in FDI as a percentage of GDP associated with a 

one within-country standard-deviation increase in the indicated defence measure. Horizontal lines 

show 95% Driscoll–Kraay confidence intervals. All estimates are based on the fully adjusted B2 spec-

ification with country and year fixed effects. 

Among the secondary indicators, log military expenditure per capita and GMI had 

positive coefficients in the fully adjusted models. Their Driscoll–Kraay 𝑝-values remained 

below 0.05 after Benjamini–Hochberg adjustment across the four secondary indicators. 

Defence investment and arms imports provided no corresponding evidence. The conclu-

sion for defence investment remained unchanged when it was rescaled to improve com-

parability with the outcome and the other defence indicators. In the B2 models, log de-

fence investment as a percentage of GDP had a coefficient of 1.975 (𝑝DK = 0.093), while 

log defence investment as a percentage of estimated military expenditure had a coefficient 

of 1.506 (𝑝DK = 0.186). Both Benjamini–Hochberg-adjusted 𝑞-values were 0.186. Descrip-

tive statistics for the constructed ratios and the complete B0–B2 results are reported in 

Table S9A and S9B, respectively. Because military expenditure per capita is closely related 

to the two primary expenditure measures and the secondary hypotheses were explora-

tory, the positive secondary results should not be treated as independent confirmations of 

the primary findings. 

Table 9. Fixed-effects panel estimates for FDI net inflows as a percentage of GDP. 

Indicator 
Specifica-

tion 
N Coefficient 

Country-

Clustered p 

Driscoll–

Kraay 95% CI 

Driscoll–

Kraay p 

Wild-Boot-

strap p 

Adjusted 

p or q 

Military expenditure, % of 

GDP 
B0 437 6.015 0.039 [3.050, 8.980] <0.001 0.035 0.001 

Military expenditure, % of 

GDP 
B1 437 6.813 0.029 [3.904, 9.722] <0.001 0.023 <0.001 

Military expenditure, % of 

GDP 
B2 436 5.428 0.027 [1.377, 9.478] 0.011 0.018 0.023 

Military expenditure, % of 

government expenditure 
B0 437 1.987 0.041 [0.945, 3.028] <0.001 0.055 0.001 

Military expenditure, % of 

government expenditure 
B1 437 2.385 0.030 [1.227, 3.544] <0.001 0.039 <0.001 

Military expenditure, % of 

government expenditure 
B2 436 1.844 0.029 [0.309, 3.378] 0.021 0.031 0.023 
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Log military expenditure per 

capita 
B2 436 8.943 0.018 [3.251, 14.635] 0.004 0.017 0.016 

Log defence investment B2 422 1.903 0.323 [−0.419, 4.225] 0.102 0.339 0.136 

GMI B2 436 0.103 0.022 [0.024, 0.182] 0.013 0.046 0.026 

Inverse-hyperbolic-sine arms 

imports 
B2 396 0.454 0.488 [−0.278, 1.187] 0.209 0.534 0.209 

Note: The dependent variable is FDI net inflows as a percentage of GDP. All models include country 

and year fixed effects. B0 contains the defence indicator only; B1 adds the core economic controls; 

and B2 adds the complete prespecified control set. Country-clustered tests use 22 degrees of free-

dom. Driscoll–Kraay estimates use a bandwidth of two years and 18 time-series degrees of freedom. 

Wild-cluster-bootstrap 𝑝-values are based on 9999 restricted bootstrap replications with Webb’s six-

point weights. The final column reports Holm-adjusted Driscoll–Kraay 𝑝-values for the primary 

indicators within each specification and Benjamini–Hochberg-adjusted Driscoll–Kraay 𝑞-values for 

the four secondary B2 models. 

Table 10 summarises the sensitivity, moderation, and country-profile analyses. Win-

sorising FDI at the first and ninety-ninth percentiles reduced both primary coefficients but 

did not reverse their signs. The military-expenditure-to-GDP result remained below 0.05 

under all three inferential procedures. The government-expenditure-share result re-

mained below 0.05 using country-clustered and Driscoll–Kraay inference, while its wild-

bootstrap 𝑝-value was 0.051. 

Excluding Hungary, Ireland, and the Netherlands reduced both primary coefficients 

substantially but did not reverse their signs. The coefficient for military expenditure rela-

tive to GDP fell to 2.330, while that for military expenditure relative to government ex-

penditure fell to 1.019. Country-clustered and Driscoll–Kraay 𝑝-values remained below 

0.05, including after Holm adjustment across the two primary hypotheses. However, the 

corresponding wild-cluster-bootstrap 𝑝-values were 0.075 and 0.100. On the within-coun-

try standard-deviation scale, the estimated associations fell to 0.669 and 0.722 FDI per-

centage points, respectively. Thus, the results remained positive but were weaker and 

were not supported uniformly across the three inferential procedures. Leave-one-country-

out estimates were also positive, although their statistical support varied with the omitted 

country and inference method. Complete leave-one-country-out estimates and the obser-

vations with the largest Cook’s distances are reported in Table S5A,B. 

The alternative common per-capita specification produced mixed evidence. The co-

efficient was positive and below 0.05 under Driscoll–Kraay inference but not under coun-

try-clustered or wild-bootstrap inference. Because the CIPS results for log military ex-

penditure per capita were weaker than those for the other indicators, an additional first-

difference B2 model related the annual change in FDI to the annual change in log military 

expenditure per capita and the corresponding changes in the eight controls. The coeffi-

cient was 9.779, but it was not supported by country-clustered (𝑝 = 0.365), Driscoll–Kraay 

(𝑝 = 0.126), or wild-cluster-bootstrap inference (𝑝 = 0.473). The positive level-based re-

sult for military expenditure per capita was therefore not reproduced when the analysis 

was expressed entirely in annual changes. 

In the available-case EU27 extension, neither primary coefficient was distinguishable 

from zero. Military expenditure relative to GDP had a coefficient of 6.269, with country-

clustered, Driscoll–Kraay, and wild-cluster-bootstrap 𝑝-values of 0.185, 0.155, and 0.104, 

respectively. The coefficient for military expenditure relative to government expenditure 

was 0.484, with corresponding 𝑝-values of 0.833, 0.753, and 0.845. Re-extracting the orig-

inal 23 countries from the EU27 dataset reproduced the principal 23-country estimates, 

confirming that the extension did not use a different construction of the common varia-

bles. 
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Only 14 years—2005–2011 and 2013–2019—contained complete observations for all 

27 countries. Over this common period, the 23-country coefficients were 4.044 for military 

expenditure relative to GDP and 1.402 for military expenditure relative to government 

expenditure; neither was supported consistently across all three inferential procedures. In 

the corresponding EU27 sample, the coefficients were 7.614 and −0.057, respectively, and 

neither was statistically supported. The contrast between the 23-country and EU27 results 

therefore reflects country composition together with the shorter common observation 

window, rather than a change in the construction or processing of the variables. The 

matched-sample comparisons and country-level completeness information are reported 

in Table S14A,B. 

The interactions between geopolitical risk and the two primary defence indicators 

were small and statistically unsupported. The interaction 𝑝-values ranged from 0.539 to 

0.943 under country-clustered and Driscoll–Kraay inference. The pooled country-profile 

models likewise provided no evidence that the defence coefficients differed across pro-

files. Joint wild-bootstrap 𝑝-values were 0.924 for military expenditure relative to GDP, 

0.963 for military expenditure relative to government expenditure, and 0.189 for GMI. 

Table 10. Sensitivity, moderation, and country-profile results. 

Analysis Indicator or Test 
Estimate or 

Test Statistic 

Country-

Clustered p 

Driscoll–

Kraay p 

Wild-Boot-

strap 𝒑 

FDI winsorised at 1st and 

99th percentiles 
Military expenditure, % of GDP 4.385 0.016 0.007 0.019 

FDI winsorised at 1st and 

99th percentiles 

Military expenditure, % of govern-

ment expenditure 
1.430 0.024 0.014 0.051 

Hungary, Ireland, and the 

Netherlands excluded 
Military expenditure, % of GDP 2.330 0.026 0.036 0.075 

Hungary, Ireland, and the 

Netherlands excluded 

Military expenditure, % of govern-

ment expenditure 
1.019 0.016 0.021 0.100 

Common per-capita scaling Log military expenditure per capita 3.007 0.107 0.026 0.144 

First-difference B2 model 
Change in log military expenditure 

per capita 
9.779 0.365 0.126 0.473 

EU27 available-case extension Military expenditure, % of GDP 6.269 0.185 0.155 0.104 

EU27 available-case extension 
Military expenditure, % of govern-

ment expenditure 
0.484 0.833 0.753 0.845 

Geopolitical-risk moderation GDP-share interaction 0.003 0.895 0.943 — 

Geopolitical-risk moderation 
Government-expenditure-share in-

teraction 
0.007 0.539 0.754 — 

Country-profile differences GDP-share interactions, joint test 𝜒2(2) = 0.148 0.929 — 0.924 

Country-profile differences 
Government-expenditure-share in-

teractions, joint test 
𝜒2(2) = 0.089 0.957 — 0.963 

Country-profile differences GMI interactions, joint test 𝜒2(2) = 3.910 0.142 — 0.189 

Note: The sensitivity models retain the B2 controls and country and year fixed effects. The common-

scaling model uses the inverse-hyperbolic-sine transformation of FDI per capita and log military 

expenditure per capita; its coefficient is therefore not directly comparable with the coefficients from 

the percentage-of-GDP models. The first-difference model relates annual changes in FDI to annual 

changes in log military expenditure per capita and the corresponding first differences of the B2 con-

trols. Its coefficient is not directly comparable with either the level-based per-capita estimate or the 

percentage-of-GDP estimates. The EU27 models use available country–year observations. Modera-

tion estimates are coefficients of the interactions between the mean-centred Geopolitical Risk Index 

and the indicated defence measure. Country-profile rows report joint tests of the two defence-
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indicator-by-profile interaction terms. An em dash indicates that the corresponding inference 

method was not applied. 

Additional period sensitivity analyses are reported in Table S8A. Restricting the sam-

ple to 2005–2021 retained positive coefficients for both primary indicators. Both were be-

low the 5% threshold under Driscoll–Kraay and wild-cluster-bootstrap inference, alt-

hough country-clustered inference was weaker for military expenditure relative to GDP. 

Excluding the COVID-19 years 2020–2021 also retained both positive coefficients under 

Driscoll–Kraay inference, but the government-expenditure-share estimate was not sup-

ported by country-clustered or wild-cluster-bootstrap inference. Models allowing the de-

fence–FDI slopes to change after 2014 and again after 2022 provided no joint evidence of 

structural change for either primary indicator. The country-clustered joint 𝑝-values were 

0.663 and 0.301, and the corresponding Driscoll–Kraay values were 0.335 and 0.111. Pe-

riod-specific slopes, particularly those for 2022–2023, are reported descriptively in Table 

S8B,C because the final period contains only two years. 

Dynamic sensitivity models added one lag of FDI to the fully adjusted fixed-effects 

specifications. The defence coefficients remained positive at 4.762 for military expenditure 

relative to GDP and 1.589 for military expenditure relative to government expenditure. 

Their Holm-adjusted Driscoll–Kraay 𝑝- values were 0.015, whereas the Holm-adjusted 

country-clustered 𝑝-values were 0.058. The unadjusted wild-cluster-bootstrap 𝑝-values 

were 0.010 and 0.016. These estimates are treated as sensitivity results because lagged-

outcome fixed-effects estimators may be biased in panels with a limited time dimension. 

Parsimonious difference-GMM models did not reject second-order serial-correlation tests 

and used 14 instruments for 20 countries, but the Hansen tests rejected both instrument 

sets. The difference-GMM estimates were therefore considered diagnostically unreliable 

and were not used as confirming evidence. Complete dynamic-model results are reported 

in Table S11A,B. 

Overall, the panel analysis provides evidence of positive contemporaneous associa-

tions between FDI and the two military-expenditure measures in the main 23-country 

sample. In the fully adjusted models, both unadjusted results were below 0.05 under coun-

try-clustered, Driscoll–Kraay, and wild-cluster-bootstrap inference. After adjustment for 

the two primary hypotheses, support remained under Driscoll–Kraay and wild-cluster-

bootstrap inference but not under country-clustered inference. The estimated magnitudes 

declined when Hungary, Ireland, and the Netherlands were excluded, and neither pri-

mary association was supported in the available-case EU27 extension. Matched-period 

comparisons indicate that the EU27 divergence reflects country composition and the 

shorter complete observation window rather than differences in variable construction. 

The common per-capita and first-difference specifications also produced weaker evi-

dence. No evidence was obtained that the coefficients changed jointly after 2014 and 2022 

or differed systematically across geopolitical-risk levels or country profiles. Lagged-out-

come fixed-effects models retained positive coefficients, but the difference-GMM diagnos-

tics were unsatisfactory. The panel findings should therefore be interpreted as sample- 

and specification-dependent contemporaneous associations rather than as general, dy-

namic, or causal effects of defence expenditure on FDI. 

3.5. Temporal Predictability Between Defence Indicators and FDI 

Dumitrescu–Hurlin tests were used to examine whether lagged values of each de-

fence indicator contained incremental information for predicting FDI and whether pre-

dictability was also observed in the reverse direction. Each series was cross-sectionally 

demeaned by year before testing, and common lag orders of one and two years were ex-

amined. The conventional standardised-test results are reported in Table S7A. Residual 
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diagnostics nevertheless indicated that cross-sectional demeaning did not eliminate de-

pendence across countries. Pesaran’s CD test applied to the unrestricted-model residuals 

rejected residual cross-sectional independence in 16 of the 24 direction–lag specifications. 

The principal inference was therefore based on the restricted-residual circular moving-

block bootstrap described in Section 2.7. 

Table 11 reports the results obtained using the principal three-year block length. Four 

of the 24 unadjusted bootstrap 𝑝-values were below 0.05. These concerned FDI predicting 

military expenditure relative to GDP at one and two lags, GMI predicting FDI at one lag, 

and FDI predicting GMI at one lag. The bootstrap 𝑝-value for FDI predicting arms im-

ports at one lag was exactly 0.050 and was therefore not classified as being below 0.05. 

None of the 24 results remained below the 5% false-discovery-rate threshold after Benja-

mini–Hochberg adjustment; the smallest adjusted 𝑞-value was 0.165. Accordingly, the de-

pendence-robust analysis did not establish multiplicity-adjusted temporal predictability 

in either direction for any of the six defence indicators. 

Table 11. Dependence-robust bootstrap inference for panel temporal predictability. 

Direction of Predictability Countries 
One Lag: Bootstrap 

𝒑 (𝒒) 

Two Lags: Bootstrap 

𝒑 (𝒒) 

Military expenditure, % of GDP → FDI 23 0.097 (0.214)  0.462 (0.554) 

FDI → Military expenditure, % of GDP 23 0.041 (0.165)  0.038 (0.165) 

Military expenditure, % of government expenditure → FDI 23 0.063 (0.168)  0.386 (0.519)  

FDI → Military expenditure, % of government expenditure 23 0.052 (0.165)  0.055 (0.165)  

Δ Log military expenditure per capita → FDI 23 0.298 (0.447) 0.503 (0.575)  

FDI → Δ Log military expenditure per capita 23 0.638 (0.647)  0.552 (0.602)  

Log defence investment → FDI 18 0.410 (0.519)  0.181 (0.310)  

FDI → Log defence investment 18 0.224 (0.358) 0.101 (0.214)  

GMI → FDI 23 0.011 (0.165) 0.055 (0.165)  

FDI → GMI 23 0.035 (0.165) 0.178 (0.310) 

Inverse-hyperbolic-sine-transformed arms imports → FDI 13 0.411 (0.519) 0.647 (0.647) 

FDI → Inverse-hyperbolic-sine-transformed arms imports 13 0.050 (0.165) 0.107 (0.214)  

Note: Each cell reports the restricted-residual circular moving-block-bootstrap 𝑝-value followed by 

the Benjamini–Hochberg-adjusted 𝑞-value in parentheses. The adjustment was applied jointly to all 

24 direction–lag tests. The principal procedure used a block length of three years and 999 bootstrap 

replications. Restricted-model residuals were used as the bootstrap innovations, while unrestricted-

model residuals were used only for the Pesaran CD diagnostic. Annual residual vectors were 

resampled synchronously across countries to preserve the remaining contemporaneous cross-coun-

try dependence. The null hypothesis is that the variable preceding the arrow does not improve pre-

diction of the variable following the arrow in any country in the panel. The symbol Δ denotes the 

first annual difference. Defence-investment tests used the 18-country balanced panel, while arms-

import tests used the 13 countries with complete originally observed series. Missing arms-import 

observations were not replaced with zeros. 

The multiplicity-adjusted conclusion was not sensitive to moderate changes in block 

length. Block lengths of two and four years yielded three and six unadjusted bootstrap 𝑝-

values below 0.05, respectively, compared with four under the principal three-year spec-

ification. However, no direction–lag combination remained below the 5% false-discovery-

rate threshold after Benjamini–Hochberg adjustment under any of the three block lengths; 

the smallest adjusted 𝑞-value was 0.165 in each case. Isolated unadjusted results therefore 

occurred under every block specification, whereas the multiplicity-adjusted conclusion 

remained unchanged. 
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The contrast with the conventional Dumitrescu–Hurlin inference is substantively im-

portant. The conventional standardised statistics suggested several bidirectional or one-

directional relationships after Benjamini–Hochberg adjustment. Once residual cross-

country dependence and short-range temporal dependence were incorporated into the 

resampling procedure, these relationships were no longer supported after adjustment. 

The conventional tests are retained in Table S7A for transparency, while the complete 

bootstrap results, residual CD statistics, and block-length sensitivity estimates are re-

ported in Table S7B. 

The conventional time-demeaned analysis was also repeated after Hungary, Ireland, 

and the Netherlands were excluded. Some rejections based on the adjusted conventional 

standardised-test 𝑝- values persisted in that reduced sample, as reported in Table S13. 

However, because these reduced-country results were not confirmed by the dependence-

robust block-bootstrap evidence in the principal sample, they are interpreted only as de-

scriptive indications of country-composition sensitivity. 

Overall, the temporal analysis does not provide multiplicity-adjusted, dependence-

robust evidence that lagged defence indicators predict FDI or that lagged FDI predicts the 

defence indicators. This conclusion does not demonstrate the absence of every possible 

temporal relationship. The annual series are short, the balanced panels for defence invest-

ment and arms imports are smaller, and the tests evaluate only common one- and two-

year lag structures. In addition, the unit-root null for FDI in the 13-country arms-import 

sample was rejected only at the 10% level, so the corresponding temporal results should 

be regarded as exploratory. The results nevertheless show that the temporal relationships 

suggested by the conventional test statistics are not sufficiently robust to support substan-

tive claims once cross-country dependence and multiple testing are addressed jointly. 

4. Discussion 

4.1. Interpretation of the Main Findings 

The findings do not support a single relationship between defence-sector intensity 

and FDI. The results vary across defence indicators, model specifications, samples, infer-

ential procedures, and statistical questions. The clearest evidence concerns positive con-

temporaneous associations between FDI and the two primary military-expenditure 

measures in the main 23-country panel. However, these associations weakened under sev-

eral sensitivity analyses, were not reproduced in the EU27 extension, and were not accom-

panied by reliable out-of-country predictive performance. The evidence is therefore con-

ditional rather than consistent with a general effect of defence-sector activity on foreign 

investment. 

Regarding RQ1, military expenditure relative to GDP and military expenditure rela-

tive to government expenditure had positive coefficients across the B0–B2 specifications. 

In the fully adjusted B2 models, both unadjusted results were below the 5% threshold 

under country-clustered, Driscoll–Kraay, and wild-cluster-bootstrap inference. After 

Holm adjustment for the two primary hypotheses, support remained under Driscoll–

Kraay and wild-cluster-bootstrap inference but not under country-clustered inference, for 

which both adjusted 𝑝-values were 0.053. The conclusions were not invariant to the sen-

sitivity design. Winsorising FDI preserved the positive results, whereas excluding Hun-

gary, Ireland, and the Netherlands reduced the estimated magnitudes and produced wild-

cluster-bootstrap 𝑝- values above 0.05. The common per-capita specification yielded 

mixed inferential results, and the first-difference model for military expenditure per cap-

ita was unsupported. Neither primary association was supported in the available-case 

EU27 extension. Matched-period comparisons indicate that the EU27 divergence reflects 

country composition together with the shorter complete observation period rather than 

differences in variable construction. 

https://doi.org/10.3390/su182110962


Sustainability 2026, 18, 10962 29 of 41 
 

https://doi.org/10.3390/su182110962 

The secondary indicators reinforce the importance of measurement. Log military ex-

penditure per capita and GMI had positive coefficients in the fully adjusted level models, 

and their Benjamini–Hochberg-adjusted Driscoll–Kraay 𝑞- values were below 0.05. De-

fence investment and arms imports did not provide corresponding evidence. One possible 

explanation is that aggregate expenditure measures capture relatively persistent fiscal or 

security commitments, whereas defence investment and arms transfers may be more 

strongly affected by irregular procurement cycles, implementation delays, individual 

transactions, and reporting differences. These mechanisms were not observed or tested 

directly and should not be treated as findings. The positive coefficients likewise do not 

establish that an increase in military expenditure would itself attract FDI. 

Regarding RQ2, the predictive analyses provided little evidence that the defence in-

dicators contributed stable information for countries excluded from model fitting. None 

of the complete models demonstrated reliable improvement over the corresponding train-

ing-mean benchmark. In the paired comparisons, removing the defence indicators im-

proved the out-of-country RMSE for Ridge, Elastic Net, and gradient boosting, whereas 

the Lasso comparison was inconclusive. Predictor retention also varied across the outer 

training samples. Some defence indicators entered individual Lasso or Elastic Net models, 

but none was selected consistently across all five samples. The same broader conclusion 

was obtained after Hungary, Ireland, and the Netherlands were excluded: the small pos-

itive out-of-fold 𝑅2  estimates for Ridge and gradient boosting were accompanied by 

wide confidence intervals that included zero. These results mean that the positive panel 

coefficients should not be interpreted as evidence that defence expenditure enables relia-

ble prediction of FDI in a country excluded from model fitting. 

The analyses addressing RQ3 did not identify systematic heterogeneity. The interac-

tions between geopolitical risk and the two primary military-expenditure measures were 

small and statistically unsupported. Formal joint tests also provided no evidence that the 

coefficients for the primary indicators or GMI differed across the three country profiles. 

These results do not demonstrate that security conditions or national characteristics are 

irrelevant. The Geopolitical Risk Index assigned the same annual value to every country, 

while the profiles represented broad groupings based on long-term economic, infrastruc-

tural, institutional, and human-capital characteristics. More detailed measures of national 

security exposure or defence-industrial structure might reveal variation that the indica-

tors used here could not capture. 

Regarding RQ4, the temporal-predictability analysis produced four unadjusted boot-

strap 𝑝-values below 0.05 under the principal three-year block specification. These con-

cerned FDI predicting military expenditure relative to GDP at one and two lags, GMI pre-

dicting FDI at one lag, and FDI predicting GMI at one lag. However, none of the 24 direc-

tion–lag tests remained below the 5% false-discovery-rate threshold after Benjamini–

Hochberg adjustment. The same multiplicity-adjusted conclusion was obtained using 

block lengths of two and four years. The dependence-robust analysis therefore did not 

establish temporal predictability in either direction for any defence indicator. The arms-

import results warrant particular caution because they were based on only 13 countries 

and the corresponding sample-specific stationarity evidence for FDI was weaker. More 

generally, these tests do not estimate the sign or magnitude of an effect, identify the coun-

tries in which predictability might occur, or demonstrate structural causality. 

The findings across the different methods are not contradictory because the methods 

evaluate different properties of the data. Fixed-effects regressions estimate conditional 

contemporaneous associations, regularised regression and gradient boosting assess out-

of-country predictive performance, interaction models test coefficient differences, and the 

temporal-predictability analysis examines whether lagged values contain incremental in-

formation. Taken together, the results indicate that selected expenditure-based measures 
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of defence intensity are associated with FDI in the main contemporaneous panel specifi-

cations, but these associations do not translate into reliable out-of-country prediction or 

multiplicity-adjusted, dependence-robust temporal predictability. They also do not gen-

eralise uniformly across samples, variable definitions, or analytical procedures. From the 

perspective of sustainable economic development, defence expenditure should therefore 

not be treated as either an automatic stimulus to international investment or an inevitable 

impediment to it. Its relationship with FDI depends on how defence activity and invest-

ment are measured and on the countries and statistical questions under examination. 

4.2. Comparison with Previous Research 

Previous research provides competing explanations for the relationship between de-

fence expenditure and foreign investment. Defence commitments may improve perceived 

security, reinforce state capacity, and generate demand for infrastructure or advanced 

technologies. Conversely, defence expenditure may increase fiscal pressure, displace pro-

ductive public investment, or signal exposure to geopolitical threats. The present findings 

do not identify one of these mechanisms as dominant. Instead, they show that the esti-

mated relationship varies with the defence indicator, sample, model specification, and 

statistical objective. 

The positive contemporaneous coefficients for military expenditure relative to GDP 

or government expenditure are directionally consistent with Douch [8], who reported a 

positive relationship between military expenditure and FDI in Middle Eastern and North 

African countries after accounting for political stability and macroeconomic conditions. 

However, that study used a dynamic panel model for countries in a different institutional 

and security setting, whereas the present estimates describe contemporaneous within-

country associations in the EU. In the main sample, the two primary coefficients remained 

supported after Holm adjustment under Driscoll–Kraay and wild-cluster-bootstrap infer-

ence, but not under country-clustered inference. Their magnitudes declined when Hun-

gary, Ireland, and the Netherlands were excluded, and neither coefficient was supported 

by wild-cluster-bootstrap inference in that reduced sample. The associations were also not 

reproduced in the EU27 extension. Possible EU-specific explanations include collective-

security commitments and participation in international procurement or technology net-

works, but these channels were not measured or tested. The results therefore provide 

qualified evidence of a positive association in the main panel rather than support for a 

common defence-expenditure effect. 

The sensitivity to country composition is also consistent with recognised limitations 

of aggregate FDI statistics. Damgaard et al. [39] showed that recorded FDI can be strongly 

affected by investment routed through special-purpose entities and offshore financial cen-

tres without a corresponding link to productive activity in the reporting economy. Ireland 

and the Netherlands are particularly relevant to this distinction because large multina-

tional restructurings and pass-through flows can generate movements in headline FDI 

that are difficult to relate to annual changes in national defence expenditure. Excluding 

these countries together with Hungary reduced the estimated associations but did not 

remove them entirely. The results therefore concern reported net FDI inflows as a percent-

age of GDP and should not be interpreted automatically as relationships with new pro-

ductive investment. 

The results differ from Aziz and Khalid [7], who found a negative long-run relation-

ship between military expenditure and FDI in developing countries without armed con-

flict and reported that conflict exposure modified this relationship. Bhandari et al. [9] like-

wise emphasised that conflict dynamics and institutional conditions can alter the associa-

tion. Differences in country composition, security exposure, defence systems, observation 

periods, and econometric estimands may explain why the results do not coincide. In 
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particular, EU membership and collective-security arrangements may affect how defence 

expenditure is interpreted by investors, but the present study did not observe investor 

perceptions or test the underlying transmission mechanisms directly. 

The indicator-specific findings further show why aggregate military expenditure 

cannot represent every form of defence activity. Military expenditure per capita and GMI 

produced positive secondary coefficients in the level-based panel models, whereas de-

fence investment and arms imports did not. The defence-investment conclusion remained 

unchanged when investment was expressed as a percentage of GDP or estimated total 

military expenditure, suggesting that the lack of statistical support was not attributable 

solely to the original monetary scale. Procurement expenditure and arms transfers may 

be affected by irregular acquisition cycles, implementation delays, whether purchases are 

domestic or imported, and whether suppliers participate in national or international pro-

duction networks. These characteristics were unavailable in the annual country-level data 

and were not tested as mediating mechanisms. They are therefore possible explanations 

for the indicator differences rather than findings of the study. The absence of an aggregate 

association for defence investment or arms imports should therefore not be interpreted as 

evidence that individual procurement projects or defence-industrial linkages have no eco-

nomic consequences. 

The weak out-of-country predictive performance also qualifies comparisons with 

studies applying machine-learning methods to FDI. Such methods can accommodate cor-

related predictors and nonlinear patterns [40], but successful in-sample fitting does not 

ensure transfer to countries omitted from model estimation. In the present analysis, none 

of the models using the complete predictor set demonstrated reliable improvement over 

the training-mean benchmark. Moreover, Ridge, Elastic Net, and gradient boosting pro-

duced significantly lower paired out-of-fold errors when the defence indicators were 

omitted, whereas the Lasso comparison was inconclusive. This does not establish that de-

fence-related information could never improve FDI prediction, but it shows that the six 

indicators used here did not add transferable predictive information under the evaluated 

algorithms and validation design. Removing Hungary, Ireland, and the Netherlands did 

not alter the broader conclusion of weak and uncertain transferability. 

The prominence of conventional investment conditions broadly agrees with the 

wider FDI literature. Islam and Beloucif [5] identified market size, trade openness, infra-

structure, labour costs, macroeconomic stability, human capital, and growth prospects as 

recurrent FDI determinants, while Darmo et al. [41] reported the relevance of economic 

potential, productivity, taxation, wages, education, openness, transport infrastructure, 

and institutional conditions in the Visegrád countries. However, explanatory relevance in 

previous studies does not guarantee stable out-of-country prediction in a comparatively 

small panel. In the present analysis, the control dimensions provided at least as much 

predictive information without the defence indicators as with them. This result concerns 

incremental prediction under the selected models and should not be interpreted as evi-

dence that conventional FDI determinants causally eliminate a defence-related associa-

tion. 

The geopolitical-risk results require a similarly cautious comparison. Caldara and 

Iacoviello [4] linked geopolitical-risk shocks to weaker investment and economic activity, 

while Truong et al. [42] found that the relationship between geopolitical risk and FDI in 

Vietnam differed across time horizons. The present study did not find evidence that the 

global Geopolitical Risk Index modified the coefficients of the two primary military-ex-

penditure measures. This result does not contradict studies based on country-specific ex-

posure or realised conflict. The index used here assigned the same annual value to every 

country and could only identify whether a common global change was associated with 

differences in the defence–FDI slope. 
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The temporal results extend the comparison beyond contemporaneous associations 

but provide less support than the conventional Dumitrescu–Hurlin statistics initially sug-

gested. The standardised tests produced several adjusted rejections, including relation-

ships involving the primary expenditure measures and GMI. However, residual depend-

ence remained across countries, and none of the 24 direction–lag combinations remained 

below the 5% false-discovery-rate threshold under the dependence-robust moving-block 

bootstrap. This finding qualifies comparisons with studies reporting delayed defence–FDI 

relationships and reinforces the distinction between contemporaneous association and 

temporal prediction. The annual data do not establish whether defence expenditure pre-

cedes changes in FDI, whether FDI precedes changes in defence indicators, or whether 

both respond to common omitted developments. Possible channels involving fiscal capac-

ity, protection of foreign-owned assets, strategic infrastructure, or security perceptions 

therefore remain hypotheses for future research rather than empirically identified mech-

anisms. 

4.3. Theoretical and Policy Implications 

The first theoretical implication is that defence-sector intensity cannot be represented 

adequately by a single interchangeable measure. Military expenditure relative to GDP, its 

share of government expenditure, expenditure per capita, defence investment, arms im-

ports, and GMI describe different fiscal, budgetary, structural, and procurement-related 

features of national defence activity. Their empirical behaviour differed across the panel-

regression, predictive, and temporal analyses. Conclusions obtained for one indicator 

should therefore not be extended automatically to the defence sector as a whole. 

The positive coefficients for selected expenditure-based measures are compatible 

with several competing explanations. Sustained defence commitments may coincide with 

deterrence, institutional capacity, technological demand, or participation in international 

security and production networks. FDI and defence expenditure may instead respond 

jointly to omitted economic or geopolitical developments, while greater expenditure may 

also create fiscal pressure or displace other productive allocations. The present analysis 

cannot distinguish among these mechanisms. Similarly, the clearer contemporaneous re-

sults for expenditure shares than for defence investment or arms imports might reflect 

differences in persistence, procurement cycles, implementation delays, reporting prac-

tices, or the domestic and foreign composition of purchases. These possibilities were not 

measured or tested and remain hypotheses rather than identified transmission channels. 

The second implication is that conditional association and predictive transfer are dis-

tinct empirical properties. The two primary military-expenditure measures had positive 

coefficients in the fixed-effects models, but none of the complete predictive models 

demonstrated reliable improvement over the training-mean benchmark. In the matched 

comparison, Ridge, Elastic Net, and gradient boosting performed better when the defence 

indicators were omitted, while the Lasso difference remained uncertain. Predictor selec-

tion also varied across validation folds. Statistical evidence within a panel-regression 

specification therefore does not imply that the same variables improve prediction for a 

country excluded from model fitting. Studies of defence–FDI relationships should report 

out-of-sample validation separately from explanatory regression results rather than treat-

ing model fit, variable retention, or fitted importance as confirmation of an underlying 

effect. 

The temporal analysis adds a related qualification. Conventional Dumitrescu–Hurlin 

statistics suggested several lagged relationships, but residual dependence remained 

across countries. Once common cross-country and short-range temporal dependence 

were incorporated through the moving-block bootstrap, none of the 24 direction–lag com-

binations remained below the 5% false-discovery-rate threshold. The results therefore 
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provide no robust basis for interpreting the relationship as delayed, reciprocal, or direc-

tionally predictive at the examined annual lags. Future research should continue to allow 

for reverse directionality and common shocks, but it should not treat the lag orders sug-

gested by the conventional tests as established adjustment periods. 

The additional structural and dynamic analyses likewise provide no firm basis for 

interpreting the contemporaneous associations as stable policy effects. Joint tests did not 

identify changes in the slopes of the primary indicators after either 2014 or 2022. Lagged-

outcome fixed-effects models retained positive coefficients, but the inferential conclusions 

depended on the covariance estimator, and the difference-GMM specification failed the 

Hansen test of instrument validity. These results neither demonstrate structural stability 

nor provide confirmatory dynamic evidence. Stronger causal assessment would require 

longer time series, credible external sources of variation, and dynamic specifications sup-

ported by valid and sufficiently parsimonious instrument sets. 

The main policy implication is one of caution. The findings do not justify increasing 

defence expenditure as an instrument for attracting FDI. The positive panel coefficients 

represent conditional contemporaneous associations in the main sample; their magni-

tudes and inferential support varied across countries, periods, scaling choices, and covar-

iance estimators. They were not reproduced in the EU27 extension or supported by trans-

ferable predictive performance. Defence policy should therefore be assessed primarily ac-

cording to security objectives, financing requirements, fiscal constraints, and opportunity 

costs. From a sustainable-development perspective, the assessment should also consider 

whether security-related allocations preserve the capacity to finance infrastructure, edu-

cation, innovation, social provision, and other sources of long-term productive capacity. 

The study did not include a direct measure of fiscal sustainability and cannot deter-

mine whether a particular level or composition of defence expenditure is fiscally sustain-

able. Its contribution to this question is limited to showing that defence allocations cannot 

be evaluated on the assumption that higher expenditure will generally be accompanied 

by stronger foreign investment. Claims about debt sustainability, fiscal space, expenditure 

displacement, or long-term budgetary resilience require dedicated fiscal variables and a 

research design constructed specifically for those outcomes. 

The composition of defence expenditure may be more informative for future policy 

evaluation than its aggregate level. Economic consequences may differ according to 

whether procurement is domestic or imported, whether it supports research and dual-use 

technologies, whether local firms participate in supply chains, and whether projects gen-

erate civilian technological or infrastructural spillovers. The absence of a general associa-

tion for defence investment or arms imports does not determine the value of individual 

programmes. Project-, firm-, and sector-level evidence is required to identify which forms 

of expenditure strengthen productive capacity, attract productive investment, or primar-

ily create fiscal costs or import demand. 

Finally, neither global geopolitical risk nor the three country profiles produced sta-

tistically supported differences in the defence–FDI coefficients. However, the absence of 

detected heterogeneity does not warrant uniform policy prescriptions. The uncertainty 

measures did not capture differences in national exposure, and the profiles summarised 

broad long-term country characteristics rather than specific defence-industrial capabili-

ties. Policy assessment should reflect each country’s economic structure, fiscal capacity, 

institutional quality, technological specialisation, security exposure, and domestic pro-

duction base. It should also distinguish the composition and developmental contribution 

of foreign investment rather than relying on its aggregate volume, since higher net FDI 

inflows do not necessarily imply stronger environmental, social, or long-term economic 

sustainability. 
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4.4. Limitations and Directions for Future Research 

The principal limitation remains the absence of causal identification. Country fixed 

effects account for time-invariant national characteristics, while year fixed effects absorb 

shocks common to all countries. Nevertheless, the estimates may still reflect omitted time-

varying factors affecting both defence activity and FDI. Reverse directionality also cannot 

be excluded, even though the dependence-robust temporal analysis did not establish ad-

justed predictive relationships in either direction. The lagged-outcome fixed-effects mod-

els did not resolve this problem, and the difference-GMM specifications failed the Hansen 

tests of instrument validity. Likewise, the absence of statistically supported slope changes 

after 2014 or 2022 does not establish structural stability, because tests based on two pre-

specified break dates may have limited power and cannot capture gradual or country-

specific changes. Future research could employ natural experiments or carefully justified 

instrumental-variable and difference-in-differences designs. Any proposed instrument or 

security-related policy shocks would require explicit validation because geopolitical 

events may affect FDI directly. 

Cross-sectional dependence remains an important concern. EU economies are con-

nected through trade, financial markets, institutions, and security arrangements, while the 

three uncertainty indicators assign the same annual value to every country. Driscoll–

Kraay inference was used to accommodate general cross-sectional and temporal depend-

ence in the contemporaneous panel regressions, while country-clustered and wild-cluster-

bootstrap results provided complementary checks. In the temporal analysis, annual cross-

sectional demeaning did not eliminate dependence in the unrestricted-model residuals. 

The restricted-model residuals were therefore resampled as common annual vectors using 

a synchronised circular moving-block bootstrap, while the unrestricted-model residuals 

were used only for the Pesaran CD diagnostic. Cross-sectional demeaning was not re-

peated within each bootstrap replication because the original series had already been 

transformed and the synchronised residual vectors were intended to preserve the remain-

ing contemporaneous dependence. This procedure materially weakened the conventional 

Dumitrescu–Hurlin results, but it cannot represent every possible common-factor, spatial, 

or network dependence structure. Moreover, the panel contains only 19 years and 23 

countries, limiting the precision of all covariance estimators and bootstrap procedures. 

Future studies could model common factors directly through common correlated effects, 

interactive fixed-effects, spatial-panel, or related approaches suited to interconnected 

economies. 

Stationarity assessment is also constrained by the short time dimension. The CIPS 

test accounts for common cross-country factors and provided panel-level evidence against 

the unit-root null for most variables, but rejection for a panel does not imply that every 

national series is stationary. Country-specific ADF and KPSS diagnostics showed hetero-

geneous and sometimes conflicting results, while their power is limited with only 19 an-

nual observations. Log military expenditure per capita was particularly sensitive: its unit-

root null was rejected only at the 10% level in the complete sample and was not rejected 

after Hungary, Ireland, and the Netherlands were excluded. First-differencing addressed 

this concern in the temporal analysis, but it also changed the interpretation and reduced 

the available time dimension. Sample-specific evidence also differed for FDI in the smaller 

balanced panels: the unit-root null was rejected at the 1% level in the 18-country defence-

investment sample, but only at the 10% level in the 13-country arms-import sample. The 

temporal arms-import results were consequently treated as exploratory. Longer series 

would permit more informative country-specific and second-generation panel diagnos-

tics, structural-break tests, and comparisons of level, difference, and error-correction spec-

ifications. 
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The main sample was restricted to 23 EU countries observed from 2005 to 2023. This 

improves institutional comparability but limits transferability to countries facing active 

conflict, economies outside collective-security arrangements, and states with substantial 

domestic defence industries. The results were also sensitive to country and period cover-

age. Excluding Hungary, Ireland, and the Netherlands reduced the estimated coefficients 

of the primary indicators and weakened their inferential support, while the analyses end-

ing in 2021 or excluding 2020–2021 produced positive but inferentially variable results. 

The available-case EU27 extension did not reproduce the primary findings. Re-extracting 

the original 23 countries from the EU27 dataset reproduced the principal estimates, indi-

cating that the difference did not arise from altered variable construction. However, com-

plete observations for all 27 countries were available for only 14 common years, and the 

matched-period estimates remained sensitive to country composition. The EU27 results 

therefore broaden geographical coverage at the cost of a shorter and less uniform panel. 

The small number of country clusters also limits cluster-robust inference, particularly in 

profile-related analyses. Wider samples should preserve explicit institutional, security, 

and data-availability distinctions rather than treating additional countries as homogene-

ous observations. 

FDI net inflows as a percentage of GDP are highly aggregated. The measure combines 

new equity investment, reinvested earnings, intracompany debt, restructuring, and disin-

vestment, while negative and extreme observations may reflect special-purpose entities 

or pass-through financing. Excluding Hungary, Ireland, and the Netherlands reduced the 

influence of several unusual country series but could not separate productive investment 

from financial-routing activity within the remaining observations. The dependent varia-

ble also does not identify whether investment supports environmental objectives, social 

priorities, technological upgrading, or longer-term productive capacity. Scaling FDI and 

military expenditure by GDP may create a mechanical relationship through a shared or 

related denominator. The common per-capita specification reduced this concern but pro-

duced mixed inferential evidence. Future studies should compare ratio-based and real 

monetary measures and distinguish greenfield investment, mergers and acquisitions, bi-

lateral flows, investor origin, economic sector, and the developmental characteristics of 

individual investments. 

The defence indicators capture distinct but incomplete dimensions. Aggregate ex-

penditure does not reveal its allocation among personnel, operations, infrastructure, 

equipment, or research. Defence investment does not distinguish domestic procurement 

from imports or identify the participation of local and foreign firms. Expressing defence 

investment relative to GDP or estimated total military expenditure did not provide 

stronger evidence, but these derived ratios remain aggregate measures and inherit meas-

urement uncertainty from their component series. SIPRI trend-indicator values describe 

transfers of major conventional weapons but are neither monetary values nor physical 

counts. More detailed information on expenditure composition, domestic content, de-

fence-industry production, employment, exports, and dual-use research would permit di-

rect examination of industrial and technological mechanisms. 

Missing data constrained some analyses. Interpolation was limited to eight internal 

gaps, while 14 defence-investment observations were retained as missing. Temporal tests 

for defence investment were consequently based on an 18-country balanced panel. Miss-

ing arms-import observations were not interpreted as verified zero transfers, and the cor-

responding temporal tests used only 13 countries with complete originally observed se-

ries. Although this treatment avoids imposing unsupported zero values, it reduces statis-

tical power and may produce a selected sample. Linking SIPRI data with national pro-

curement and transfer records could help distinguish genuinely zero observations from 

incomplete reporting. 
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The PCA indices and country profiles are descriptive summaries rather than defini-

tive latent constructs or country types. PCA was applied to pooled country–year observa-

tions and did not model dependence between repeated observations from the same coun-

try. PC1 captured comparatively limited variance in the economic and human-capital 

groups, and the human-capital KMO value was below 0.50. Parallel analysis also indi-

cated that more than one component could be retained for the economic and political-

institutional groups. The country profiles removed annual variation and may depend on 

the selected variables, period, scaling, and clustering procedure. Future research could 

compare theoretically specified indices, multilevel factor models, sparse PCA, longitudi-

nal clustering, and latent-class panel approaches, while reporting uncertainty in both com-

ponent construction and profile assignment. 

The predictive analyses were limited by the small number of countries available for 

grouped validation. Nested country-grouped cross-validation reduced information leak-

age by conducting variable screening, preprocessing, PCA estimation, and hyperparame-

ter selection within the training data, but each outer validation fold contained only a small 

set of countries. The resulting performance estimates therefore remain uncertain and may 

depend on the particular fold composition. The matched comparisons used identical outer 

folds and out-of-fold observations for the complete and no-defence predictor sets. Remov-

ing the defence indicators improved RMSE for Ridge, Elastic Net, and gradient boosting, 

whereas the Lasso comparison was inconclusive. However, the country bootstrap 

resampled countries together with their fixed out-of-fold predictions and did not repeat 

the complete screening, tuning, and fitting procedure within each bootstrap sample. The 

reported intervals therefore quantify uncertainty in the observed paired prediction-error 

differences rather than every source of model-selection uncertainty. The design also eval-

uated transfer to excluded countries rather than forecasting future years. Larger datasets 

would permit repeated nested partitions, separate country-based and temporal valida-

tion, full-pipeline resampling, and an independent final test sample. 

Finally, the temporal analysis tested 24 combinations of defence indicator, direction, 

and lag order. Four unadjusted bootstrap 𝑝-values were below 0.05 under the principal 

three-year block specification, but none remained below the 5% false-discovery-rate 

threshold after Benjamini–Hochberg adjustment. The same multiplicity-adjusted conclu-

sion was obtained using block lengths of two and four years. The synchronised moving-

block bootstrap addressed residual cross-country and short-range temporal dependence, 

but its performance is constrained by the short annual series and the limited number of 

cross-sectional units. The defence-investment and arms-import analyses additionally re-

lied on smaller balanced panels, and the weaker sample-specific stationarity evidence for 

FDI further limits the arms-import results. Only common one- and two-year lag structures 

were examined. The tests can indicate predictability for at least a subset of countries but 

do not identify those countries, coefficient signs, or effect magnitudes. Failure to reject the 

adjusted bootstrap null should therefore be interpreted as insufficient evidence under the 

present design rather than proof that no temporal relationship exists. Longer panels 

would support heterogeneous dynamic models, country-specific diagnostics, richer lag 

structures, and more detailed examination of adjustment periods. 

These limitations do not negate the observed associations, but they restrict their in-

terpretation and generalisability. Future research should move from aggregate country-

level relationships towards mechanism-based analysis using disaggregated FDI, procure-

ment, industrial, technological, fiscal, and national security-exposure data. Linking these 

sources with measures of investment quality, civilian spillovers, public-resource alloca-

tion, fiscal sustainability, and environmental or social outcomes would permit a more di-

rect assessment of how security relates to longer-term development. Such research should 
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combine stronger identification strategies, explicit modelling of common shocks, second-

generation time-series diagnostics, and independent predictive validation. 

5. Conclusions 

This study examined the relationship between defence-sector intensity and FDI in 23 

European Union countries from 2005 to 2023. Six defence indicators were assessed using 

descriptive and dimensionality-reduction methods, nested predictive modelling, fixed-ef-

fects panel regressions, interaction tests, temporal-predictability procedures, and addi-

tional country, period, measurement, structural, and dynamic sensitivity analyses. These 

methods addressed different statistical questions and did not produce interchangeable 

forms of evidence. 

The fixed-effects models provided qualified evidence of positive contemporaneous 

associations between FDI and military expenditure relative to GDP or government ex-

penditure in the main 23-country sample. In the fully adjusted B2 specifications, the tests 

of both coefficients yielded unadjusted 𝑝- values below 0.05 under country-clustered, 

Driscoll–Kraay, and wild-cluster-bootstrap inference. After Holm adjustment for the two 

primary hypotheses, support remained under Driscoll–Kraay and wild-cluster-bootstrap 

inference but not under country-clustered inference. Military expenditure per capita and 

GMI also produced positive secondary coefficients in the level-based models, whereas de-

fence investment and arms imports did not. The indicator-specific results show that ag-

gregate expenditure, budgetary allocation, per-capita expenditure, investment, militarisa-

tion, and arms transfers should not be treated as interchangeable measures of a single 

defence-sector effect. 

The principal associations were sensitive to the analytical sample and variable repre-

sentation. Excluding Hungary, Ireland, and the Netherlands reduced both estimated mag-

nitudes, and neither coefficient remained below 0.05 under wild-cluster-bootstrap infer-

ence. The common per-capita specification produced mixed results, while the first-differ-

ence model for military expenditure per capita was unsupported. Neither primary asso-

ciation was reproduced in the available-case EU27 extension. Matched-period analyses 

showed that this divergence reflected country composition together with the shorter com-

plete observation window rather than differences in variable construction. The panel find-

ings should therefore be interpreted as sample- and specification-dependent contempora-

neous associations rather than general or causal effects. 

The predictive analyses produced a more restrictive conclusion. None of the models 

using the complete predictor set demonstrated reliable improvement over the training-

mean benchmark for countries excluded from model fitting. In direct paired comparisons, 

Ridge, Elastic Net, and gradient boosting produced lower out-of-fold errors when all de-

fence indicators were omitted, while the Lasso comparison was inconclusive. Defence-

indicator retention also varied across outer training samples. Positive panel coefficients 

therefore did not translate into stable incremental predictive information or reliable trans-

fer to an unobserved country. 

Neither geopolitical risk nor the data-derived country profiles produced statistically 

supported differences in the defence–FDI coefficients. The conventional Dumitrescu–Hur-

lin statistics suggested several lagged relationships, but residual dependence remained 

across countries. Under the restricted-residual circular moving-block bootstrap, four of 

the 24 unadjusted 𝑝-values were below 0.05, but none remained below the 5% false-dis-

covery-rate threshold after Benjamini–Hochberg adjustment. Alternative block lengths 

produced the same multiplicity-adjusted conclusion. The temporal arms-import results 

were additionally limited by the 13-country balanced sample and weaker sample-specific 

stationarity evidence for FDI. The structural-change tests and dynamic specifications like-

wise did not provide independent confirmation: no joint slope changes were identified 
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after 2014 or 2022, and the difference-GMM specifications failed the Hansen tests of in-

strument validity. The combined evidence does not establish temporal direction, struc-

tural stability, or causality. 

The main conclusion is that defence-sector intensity cannot be assumed either to at-

tract or to displace FDI uniformly. The observed relationship depends on the defence 

measure, country and period coverage, model specification, inferential procedure, and 

statistical question. The evidence does not support using higher defence expenditure as 

an instrument for attracting foreign investment. Defence policy should instead be evalu-

ated according to security objectives, financing constraints, fiscal opportunity costs, and 

expenditure composition. From a sustainable-development perspective, policy assess-

ment should also consider whether security-related allocations preserve the capacity to 

invest in infrastructure, education, innovation, social provision, and other sources of long-

term productive capacity. However, this study did not measure fiscal sustainability di-

rectly and cannot determine whether a particular level of defence expenditure is fiscally 

sustainable. 

The aggregated FDI measure used here does not distinguish productive greenfield 

investment from acquisitions, corporate restructuring, intracompany financing, pass-

through flows, or disinvestment, nor does it identify the environmental, social, technolog-

ical, or developmental quality of individual investments. Future research should use dis-

aggregated sectoral and bilateral FDI data with detailed information on procurement 

composition, domestic industrial participation, dual-use research, fiscal conditions, and 

country-specific security exposure. Longer panels and broader but institutionally differ-

entiated samples would support stronger causal designs, explicit modelling of common 

shocks, heterogeneous dynamic relationships, second-generation time-series diagnostics, 

and separate country-based and temporal predictive validation. Such evidence is needed 

to determine which forms of defence expenditure, if any, contribute to productive invest-

ment and economic resilience without undermining other long-term development priori-

ties. 
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