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Abstract. Internationalization is nowadays common for many large enterprises and as a result For-

eign Direct Investment (FDI) flows are increasing. Bilateral psychic distance stimuli between home 

and host countries and vicarious experience are analyzed, together with other firm- and country-level 

FDI determinants, by means of a feature selection model to gain deep knowledge about the interna-

tionalization strategy of Spanish large firms. Wrapper feature selection based on a genetic algorithm 

is applied to identify the most important features leading to internationalization decision. Additional-

ly, obtained results are compared to those obtained by logistic regressions (Standard, Rare Event, and 

Conditional). 

Keywords: Wrapper Feature Selection, Genetic Algorithms, Support Vector Machine, Random For-

est, Internationalization. 

1 Introduction 

Managing international operations is a critical component of many firms’ strategy nowadays. Among 

the many decisions involved in internationalization, one of the first ones to take is the choice of location. 

Literature in the International Business domain has long study the determinants of Foreign Direct Invest-

ment (FDI), showing the relevance of both firm-level (size, sector, performance, etc.) and country-level 

factors (GDP growth, population, unemployment, etc.) which can act as incentives or barriers to interna-

tional ventures. Among those determinants, two of them are attracting lately a higher amount of scholarly 

interest: distance and experience. In particular, researchers have warned against the typical oversimplifi-
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cation in the conceptualization of these two determinants, and instead offer a finer-grained analysis in 

recent theoretical and empirical papers where their multi-dimensional nature is highlighted [1]. 

Recent advances in the study of the determinants of FDI has pointed out the relevance of the distance 

between the country of origin of the investor and the destination country. These differences have been 

operationalized though a wide variety of measures, highlighting not only the relevance, but also the multi-

dimensional nature of distance. In fact, managing effectively the distance of the firm´s operations abroad 

has become the essence of the international management field [2]. Traditionally, most studies have fo-

cused on the cultural aspect of distance. Arguably, the most influential work was the one from Hofstede 

(1980), who originally proposed four dimensions of cultural distance, although in subsequent work with 

colleagues [3] extended the framework to include two additional dimensions. However, this framework 

has been subject to criticisms for multiple reasons [4]. Among those criticisms, scholars have underlined 

that the real determinant of investment choices is usually not cultural distance, but psychic distance [5].  

Psychic distance refers to “the sum of factors preventing the flow of information from and to the mar-

ket. Examples are differences in language, education, business practices, culture, and industrial devel-

opment” [6]. While the exact psychic distance should be measured at the individual level and right at the 

time of making the investment decision, it has been shown that psychic distance perceptions are influ-

enced by macro-level factors, which shapes the individual values of psychic distance [7] [8]. Previous 

research has found many examples of the significant effect of psychic distance stimuli on a wide range of 

managerial decisions, including also FDI decisions [9]. To measure these psychic distance stimuli, one of 

the most accepted and validated measures are those of proposed by Dow and Karunaratna (2006), who 

propose six different stimuli of national differences in education, industrial development, language, de-

mocracy, social system, and religion.  

Furthermore, recent studies in international business have focused on another classic determinant of 

FDI, in this case experience, drawing the attention over the fact that, contrary to common practice, this is 

also a multi-faceted construct [1, 10]. Thus, drawing on Organizational Learning Theory [11, 12], firms 

might derive useful knowledge not only from their own experience, but also from the experience of other 

firms (i.e. vicarious experience). Firms sharing a feature, for example the nationality, the sector, or the 
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type of technology used, represent a valuable source of information about the host country [13]. The in-

formation derived from vicarious experience allow the firm to identify in advance potential challenges in 

the host country, replicating good practices and avoiding mistakes [14]. Moreover, vicarious experience 

facilitates the identification of opportunities and complementary partners abroad [15] and also increases 

the legitimacy of the decisions to overcome the resistance from possible stakeholders who oppose the 

strategy [16]. 

In present paper, a soft-computing tool is proposed to support enterprise managers by identifying those 

pieces of data that are key for taking internationalization decisions. When a manager has to take decisions 

that concern internationalization issues, it would be very helpful to develop a notion of those data features 

that deserve deeper attention. Only a few of the whole set of features about the enterprise itself and the 

destination countries can be analyzed in a timely manner. The proposed solution obtains those features, 

by applying Wrapper Feature Subset Selection, as described in Section 2.  

The rest of this paper is organized as follows: the applied methods are described in section 2, the setup 

of experiments and the dataset under analysis are described in section 3, together with the results obtained 

and the conclusions of present study that are stated in section 4. 

2 Genetic Feature Selection 

The main target of present proposal is to obtain the most relevant features of the original data, which 

will provide enterprise managers with the information to take decisions on internationalization. To do so, 

Feature Selection (FS) is applied to identify those features driving to positive or negative internationaliza-

tion decisions. 

As defined by [17], FS involves a learning algorithm that approaches the problem of selecting a subset 

of features upon which it can focus its attention. The remaining features from the original dataset are not 

considered important and consequently ignored. There is also an induction algorithm that, as in general 

terms for supervised learning, tries to minimize classification error, being trained on different subsets of 

features taken from the original data. According to [18], two different levels of relevance (weak and 

strong) can be defined regarding each one of the features in the original dataset. One of such features is 
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considered as strongly relevant if its removal causes a deterioration in the performance of the induction 

algorithm. In present paper, this is the underlying idea to identify key features that drive internationaliza-

tion (whether positive or negative) decisions. 

There are mainly three different types of FS methods, namely: Wrapper, Filter and Embedded. In the 

former, as opposed to the other two, it is the learning algorithm that “wraps” the induction algorithm and 

may be equated with a “black box” and is run on different subsets of features taken from the original data. 

Wrapper FS [18] has been selected in present study.  

As the induction algorithm under the Wrapper FS perspective, two classifiers are considered and de-

scribed below: Support Vector Machines and Random Forest. To generate the different subsets of features 

that are provided to these two classifiers, standard Genetic Algorithms (GAs) [19] have been applied as 

preliminary results had suggested that they are a powerful mean of reducing the time for finding near-

optimal subsets of features from large datasets [20]. These are computational methods based on natural 

selection and natural genetics, used for searching solutions to a given problem. More precisely, a GA can 

be seen as an heuristic-based method for global optimization.  

In order to optimize solutions to a given problem, these are codified as binary strings. In present case, 

for feature selection, a bit is assigned to each one of the features in the original dataset; 1 means that the 

features is included in the given subset and 0 means that it is not included. As a result, vectors of length n 

(being n the number of features in the original dataset) are constructed as solutions to the feature-subset 

selection problem. 

In GA, there is a fitness function that measures the “quality” of the generated. Its design is part of the 

modelling process of the whole optimization approach [21]. In present paper, as per feature selection, the 

fitness function for was defined as the highest negative error rate (lowest classification error) obtained by 

applying the above-mentioned classifiers to the generated subset of features, when trying to classify the 

testing data to forecast the internationalization decision. As usual, selection, mutation and crossover oper-

ators are applied, according to certain parameters (different values have been tested as described in sec-

tion 3.2). All in all, the applied GA is defined as follows: 
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Table 1. Pseudocode of the FS GA applied in present paper. 

input: a feature selection problem 

1 set the generation counter g = 0 

2 for i := 1 to population size do 

3 create a random combination of feature subset 
(solution) 

4 end for 

5 while the number of generations is not reached do 

6 generate child solutions by applying the crosso-
ver operator (with a certain probability) 

7 
generate child solutions by applying the selec-

tion and crossover operator (with a certain 
probability) 

8 compute fitness values by training and testing 
SVM on each individual (subset of features) 

9 apply the mutation operator 

10 selection of best child solutions (tournament) 

11 replace the worst member of the population by the 
child solutions  

12 g = g + 1 

13 end while 

output: the best subset of features for the given problem 

2.1 Support Vector Machines 

Support Vector Machines (SVMs) [22, 23], based on Statistical Learning Theory, face classification 

problems from the Structural Risk Minimization perspective as opposed to many other models that are 

based on the Empirical Risk Minimization paradigm. As a result, they show good generalization perfor-

mance so they have been applied to wide range of real-life problems [24].  

For this problem of finding an hyperplane to separate two classes (one-class classification), SVMs tries 

to find the optimal hyperplane that not only separates the classes with no error but also maximizes the 

distance to closest point (for either class).  

SVMs can be seen as classifiers where the loss function is the Hinge function, defined as: 
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 𝐿𝐿[𝑦𝑦, 𝑓𝑓(𝑥𝑥)] = 𝑚𝑚𝑚𝑚𝑥𝑥[0,1 − 𝑦𝑦𝑓𝑓(𝑥𝑥)]  (1) 

Being x an observation from input features, y the class x belongs to, and f(x) the output of the classifier.  

Once trained, that is the support vectors are identified and the margin is maximized, a SVM can be 

seen as:  

 𝑓𝑓(𝑥𝑥) = ∑ 𝛼𝛼.𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 . 〈𝑥𝑥𝑖𝑖 , 𝑥𝑥〉 + 𝛽𝛽0 (2) 

Being S the set of support vectors, α the classifier coefficients, and β the predictor coefficients.  

SVMs have been proven as top classifiers and have been also applied to multi-class classification alt-

hough they were initially designed for single-class classification. In present work, class information is the 

internationalization decision that was taken in each case: whether investing on a foreign country or not. 

Hence, SVMs face a one-class classification in present study. 

To estimate the accuracy of the SVM for each individual (subset of features), N-fold cross-validation, 

taking value of 10, was applied. 

2.2 Random Forest 

Classification trees [25] are well-known and inductive learning methods. Within they inner (tree) struc-

ture there are two types of nodes; leaf nodes that are those for taking the final decision (prediction) and 

internal nodes that are those associated to differentiate responses (branches) for a given question regard-

ing the values of a feature from the original training dataset. All internal nodes have at least two child 

nodes. Labels are assigned to both archs connecting a node to one of its child nodes (their content is relat-

ed to the responses to the node question) and leaf nodes (their content is one of the classes in the training 

dataset). They have proved to be valuable tools for many interesting and challenging tasks such as de-

scription, classification and generalization of data [26]. 

In present research, Random Forest (RF) algorithm [27] has been selected to calculate the fitness func-

tion of the GA, from the variety of classification trees. RF can be seen as an aggregation of a number of 

classification trees such that each one of them depends on the values of a random vector. This vector is 

sampled independently and with the same distribution for all trees in the forest. One of the main ad-
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vantages, when compared to a single classification tree schema, is the reduction of variance. In the case of 

RF, the prediction is obtained for a new data by aggregating (through majority voting) the predictions 

made by all the single trees. That is, the new data is assigned to the class that was most often predicted by 

the individual trees. 

In order to select an appropriate number of trees (that is one of the requirements of Random Forests), 

conclusions from recent work [28] have been taken into account. According to it, for the binary classifica-

tion problem that is addressed in present paper, no tuning has been carried out and the number of trees has 

been set to 100. To estimate the accuracy of the RF for each individual (subset of features), the Out-of-

Bag (OOB) error rate is measured and analysed. It is calculated by predicting the class for each training 

sample by using only the trees for which this observation was not included in the bootstrap sample. That 

is, training data are not used to calculate the OOB error rate of a given tree. 

3 Experiments & Results 

As previously described, feature selection has been applied to a real-life dataset that is described be-

low, together with the obtained results. 

3.1 Dataset 

The dataset analyzed in present study is based on a sample of all Spanish MNEs registered with the 

Foreign Trade Institute (ICEX) and from the website www.oficinascomerciales.es, both managed by the 

Spanish Ministry of Industry, Tourism, and Trade. In order to analyze a representative sample of compa-

nies with sufficient autonomy, we restricted the sample to keep only those large and independent enough 

to conduct and decide their own internationalization strategy. Thus, following a well-established cut-off 

point in International Business literature, we dropped from the sample those with less than 250 employ-

ees. We also dropped those firms with a foreign majority owner controlling more than half of the capital.  

It is also important to note the huge impact of the financial crisis on the Spanish economy, which 

forced many multinational enterprises to sell or postpone international operations in order to focus on the 

problems of the home market. To avoid distortions in the results due to this exogenous effect, we took the 

http://www.oficinascomerciales.es/
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year 2007 as our base year. Overall, the sample consists of 164 firms investing in 119 countries world-

wide. Unfortunately, Afghanistan, Andorra, Puerto Rico, and São Tomé and Príncipe are not included in 

the sample due to a lack of data. In addition, Serbia, Montenegro, and Kosovo are included as a group 

because at the time of the study they constituted a single country. 

For the firms and countries above mentioned, the following data about each one of the cases of interna-

tional presence were collected (further details about the different features can be found in [9]): 

• Firm sector: 5 binary features stating the economy sector the firm belongs to (manufacturing, food, 

construction, regulated and others).  

• Firm product diversification: 3 binary featuring (non-diversified, related or unrelated diversification). 

• Other firm characteristics: Number of employees, Return on Equity, number of countries where the 

firm operates, and whether or not the firm is included in a stock market. 

• Host country characteristics: Gross Domestic Product (GDP) growth, total inward FDI, population, 

unemployment. 

• Geographic and psychic distance stimuli between home and host countries [7]. The education distance 

stimulus is based on differences on literacy rate and enrolment in second and third-level education. The 

industrial development stimulus takes into account differences in ten dimensions such as in energy 

consumption, vehicle ownership, employment in agriculture, number of telephones and televisions, etc. 

The language stimulus is based on the differences between the dominant languages and the bilateral in-

fluence of each country’s major language in the other country. The democracy stimulus includes dif-

ferences in political rights, civil liberties and POLCON and POLITY IV indices. The political ideology 

stimulus is based on the ideological leanings of the chief executive’s political party and the largest po-

litical party in the government. Finally, the religion stimulus is calculated based on the differences be-

tween the dominant religions and the bilateral influence of each country’s dominant religion in the oth-

er country. 

As a result, a dataset containing 10004 samples was obtained, including 25 features that are described 

in Table 2. 
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Table 2. Complete list of features (related to the host country and the firm itself) in the original data set. 

 # Feature Name  # Feature Name 

C
ou

nt
ry

 

1 Vicarious Experience 

C
ou

nt
ry

 

14 Psychic Distance - Social System 
2 Vicarious Experience Same Sector 15 Psychic Distance - Religion 
3 Vicarious Experience Different Sector 16 Unemployment 
4 Manufacturing 17 FDI/GDP 
5 Food 18 GDP Growth 
6 Construction 19 Population (Log) 
7 Regulated 

Fi
rm

 

20 Employees 
8 Financial 21 ROE 
9 Geographic Distance (Log) 22 Stock Market 
10 Psychic Distance - Education 23 Related Diversification 
11 Psychic Distance - Industrial Development 24 Unrelated Diversification 
12 Psychic Distance - Language 25 Number of Countries 
13 Psychic Distance - Democracy   

 

3.2 Results 

As described in Section 2, Wrapper FS has been performed by using standard GA as searching method. 

For it, the most usual parameters were tuned (as stated in Table 3) in 81 different combinations. 

Table 3. Set values for the GA parameters during experimentation.  

Parameter Set values 
Number of Generations 10, 15, 20 
Population Size 10, 20, 30 
Crossover Probability 0.3, 0.6, 0.9 
Mutation Probability 0.033, 0.06, 0.1 
Selection Scheme Tournament 

 
Additionally, to improve reliability or results, the genetic algorithm was executed 10 times (iterations) 

with the same values for the parameters above. The fitness function (error rate of the classifier) was ap-

plied as the criterion to select the best feature subset. Accordingly, the subset of features with the lowest 

error rate (highest classification performance) has been selected in each experiment.  
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After running the experiments, the best individuals were identified, obtained with the parameter values 

in the table below. Obtained classification error in the case of SVM was 0.114, while in the case of RF it 

was 0.109. 

Table 4. Set values for the parameters of the GA obtaining the best individual.  

 Set values 
Parameter SVM RF 
Number of Generations 20 10 
Population Size 30 20 
Crossover Probability 0.9 0.9 
Mutation Probability 0.033 0.1 
Selection Scheme Tournament Tournament 

 
The fitness values (classification error) for the different generations in the execution of the GA that 

found the best individual in the case of SVM are shown in Figure 1, for both the best individual and the 

mean value of each generation. 

Fig. 1. Evolution of the fitness values in the GA execution (SVM classifier). 
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The best individual, in the case of SVM, is composed of the following features: “Vicarious Experi-

ence”, “Vicarious Experience Same Sector”, “Vicarious Experience Different Sector”, “Manufacturing”, 

“Food”, “Geographic Distance (Log)”, “Psychic Distance - Industrial Development”, “FDI/GDP”, “Em-

ployees”, “Related Diversification”, and “Number of Countries”. In the case of RF, it is composed of the 

following features: “Manufacturing”, “Food”, “Construction”, “Geographic Distance (Log)”, “Psychic 

Distance – Language”, “Psychic Distance – Democracy”, “Psychic Distance - Social System”, “Psychic 

Distance – Religion”, “FDI/GDP”, “GDP Growth”, “Population (Log)”, “Employees”, “ROE”, “Stock 

Market”, “Related Diversification”, “Unrelated Diversification”, and “Number of Countries”. The subset 

of features that are present in these two best individuals are: “Manufacturing”, “Food”, “Geographic Dis-

tance (Log)”, “FDI/GDP”, “Employees”, and “Related Diversification”. 

From the enterprise management perspective, it can be said that these results are in line with recent 

contributions to the International Business which emphasize the relevance of distance [2], notably geo-

graphic but also some, but not all, dimensions of psychic distance. However, it is also worth noting that 

not all psychic distance stimuli seem to be particularly significant, and only the Industrial Development 

psychic distance stimulus is included among the best features. Besides, it is worth noting the relevance of 

several firm-level features such as employees, related diversification and two sector features, manufactur-

ing and food. In contrast, the ratio FDI/GDP, is the only host country-level feature that appears in the 

common list of best individuals. These results emphasize how human resources are a critical factor to 

internationalize. The results also show that a related product diversification strategy is a relevant determi-

nant, as the complementarities between products can make it easier for companies to achieve synergies 

and enter new markets. Further, in addition to the distance between the home and the host country, a key 

characteristic of the local economy is the degree of openness to foreign investments. Finally, it is worth 

noting that the results are not consistent regarding the relevance of vicarious experience. On the one hand, 

the results from SVM demonstrate the relevance and multi-dimensional aspect of experience [1] and the 

benefits that firms can obtain from observing other firms from the same nationality [13]. In contrast, the 

results from RF do not highlight any dimension of vicarious experience among the best individuals. 
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Regarding the number of features in the obtained searches, the best subset comprises 11 and 17 for 

SVM and RF respectively. On the other hand, the average number of features in the best individuals ob-

tained in all the iterations for the same parameters (Table 4) amounts to 13.1 (SVM) and 15.7 (RF). It is 

worth highlighting that the proposed solution significantly reduces the amount of features to be consid-

ered from the 25 features in the original dataset (reduction of 56% and 37.2% respectively). 

On the other hand, for a comprehensive analysis, each one of the original features has been considered, 

from an individual standpoint. To do so, it has been calculated the percentage of best solutions (from all 

the 10 iterations) that includes each one of the original features, both for SVM and RF. Additionally, the 

sum of percentages has also been calculated, as is shown in Table 5. 

Table 5. Inclusion rate (%) of each individual data feature in the obtained best individuals for all the iterations. Fea-

ture number (in the second column) corresponds to that introduced in Table 2 (#). 

# Feature Name 
 %  

SVM RF SUM 
20 Employees 80 100 180 
2 Vicarious Experience Same Sector 100 80 180 
25 Number of Countries 100 70 170 
23 Related Diversification 80 90 170 
4 Manufacturing 90 70 160 
24 Unrelated Diversification 80 70 150 
9 Geographic Distance (Log) 40 90 130 
10 Psychic Distance - Education 60 70 130 
17 FDI/GDP 60 60 120 
7 Regulated 60 60 120 
21 ROE 20 100 120 
22 Stock Market 50 70 120 
5 Food 50 60 110 
18 GDP Growth 40 70 110 
12 Psychic Distance - Language 50 60 110 
3 Vicarious Experience Different Sector 70 40 110 
16 Unemployment 50 50 100 
6 Construction 0 90 90 
13 Psychic Distance - Democracy 50 40 90 
1 Vicarious Experience 70 20 90 
15 Psychic Distance - Religion 30 50 80 
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8 Financial 10 60 70 
19 Population (Log) 20 40 60 
14 Psychic Distance - Social System 20 40 60 
11 Psychic Distance - Industrial Development 30 20 50 

 

From the results in the table above, the most significant features (identified by the highest sum of rates 

of inclusion in best individuals) can be selected, in order to take them into account for an internationaliza-

tion decision. Complementary, same results let us identify the features to be discarded due to their low 

relevance (lowest inclusion rate), too. According to that, the most important features (being included in 

most subsets) are (in decreasing order of importance): “Employees”, “Vicarious Experience Same Sec-

tor”, “Number of Countries”, “Related Diversification”, “Manufacturing”, “Unrelated Diversification”. 

Consistent with the previous results, the pivotal role of human resources is identified as one of the most 

important characteristics. In turn, and somewhat different from the previous results, the inclusion of vicar-

ious experience in the best feature subset shows that firms can also learn good practices and avoid mis-

takes by observing the internationalization of other firms [14]. While firms can learn from firms in other 

sectors, the experience of other firms in the same sector is likely to be easier to assimilate and fit the man-

agers´cognitive models [13]. Also, vicarious experience from firms in the same sector tends to be easier 

to integrate because of the similarities in resources and technologies [29], which also facilitates finding 

suitable partners abroad [15]. Finally, overcoming the resistance from stakeholders who oppose to some 

decisions is also likely to be easier when the strategy of the firm is based on what other firms in the sector 

are doing [16]. The amount of countries where the firm operates increases the international exposure to 

different environments that allow the firm to benefit from learning opportunities and a pool of knowledge 

that can be applied to develop capabilities that can be used in different contexts [30, 31]. Another im-

portant features, also consistent with our previous results are that of the manufacturing sector, and product 

diversification. Interesting, in the case of the latter, not only related diversification but also unrelated 

diversification are highlighted as most significant features. 

On the other hand, those features that are least important for an internationalization decision have also 

been identified. That is the case of “Financial”, “Population (Log)”, “Psychic Distance - Social System”, 
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and “Psychic Distance - Industrial Development”, that have been included by very few of the best indi-

viduals. These two set of results combined show that the majority of the body of Spanish firms interna-

tionalizing are located in the manufacturing sector. This, however, is not incompatible with the fact that 

there are a few well-known banks from Spain who are internationally very active, for instance Banco 

Santander or BBVA. While these two financial institutions have many investment throughout the world 

(29 and 22 respectively), many other banks from Spain have operations only in one or two neighbouring 

countries (most notably in Portugal) such as CaixaNova, Caja de Badajoz or Caixa Galicia. Similarly, 

while there are some firms conducting international operations of construction (ACS being the best ex-

ample), for many firms in this sector activities in the home country are more important and the share of 

internationalization is much lower than in the case of manufacturing, an industry with powerhouses such 

as Inditex (the owner of the brand Zara) with operations in 67 countries or Mango in 89, but also other 

less-known firms such as Camper (50 countries), Valdepesa (43 countries), Teka (40 countries), Maxam 

(35 countries) or Tous (34 countries).  

When comparing results from each one of the classifiers (SVM and RF) it can be said that in general 

terms, they agree on the most important features. However, some disagreement can be identified in the 

case of features “ROE” and “Construction”. The first one was included in only 20% of the best individu-

als according to SVM but in all of the best individuals according to RF. Similarly, “Construction” was not 

included in any of the best individuals obtained by SVM but it was included in almost all (90%) individu-

als obtained by RF. There is not any feature in the opposite circumstances (highest inclusion rate in the 

case of SVM but lowest inclusion rate in the case of RF). 

3.3 Comparison 

As previously stated, FS (both SVM- and RF-based) results are compared to those previously obtained 

by applying Standard, Rare Event, and Conditional Logistic regression, that are available in a previous 

paper [9]. The main results presented in that paper show that distance plays a critical role in the interna-

tionalization strategy of Spanish MNEs. Specifically, all psychic distance stimuli and also geographic 

distance are significant determinants of Spanish FDI. Besides, the results of that paper also show that 
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vicarious experience, either from firms in the same sector, in different sector, or the total amount, are also 

significant in the models. Furthermore, larger population, unemployment and GDP growth are significant 

country-level determinants of FDI decisions. Finally, the number of employees and the international ex-

perience measured by the number of countries where the firm runs operations are significant firm-level 

determinants of FDI decisions.  

Our FS results are to some extent consistent with this analysis, showing the critical relevance of human 

resources on internationalization. Also, both sets of results emphasize the relevance of multiple, but not 

all, dimensions of experience, both the firm´s own experience and vicarious experience from other firms 

with the same nationality. Finally, the results are again consistent in underlining the relevance of distance. 

However, some interesting differences have also emerged from our FS analysis. In particular, the regres-

sions showed that both geographic and most dimensions of psychic distance were critical factors of inter-

nationalization. Our FS results clearly identify geographic distance as a key determinant, but psychic 

distance plays a much minor role and only the psychic distance stimuli in education appears among the 

features with a higher inclusion rate. Further, the country-level determinants of FDI in the original regres-

sions, population, unemployment and GDP growth, have a minor role here and do not show much explan-

atory power compared to other variables. In contrast, the FS results draw the attention on the critical role 

of product diversification, especially related diversification, and notably the sector of the firm, a factor 

that was not consistently significant in the regressions. Thus, the FS results show the high relevance of 

the Manufacturing sector, where some of the flag-ships of Spanish internationalization can be found with 

investments in 60+ countries, but also many other less famous firms also operating in several dozens of 

locations. In contrast, a sector with a very large weight in the Spanish economy and dominated by very 

large firms such as Financial, has a much less relevance as determinants of internationalization. While 

these large corporations are indeed multinationals and have even become global leaders in their respective 

sectors, the level of concentration of international operations is very high and only found in these specific 

cases, whereas the rest of firms in the sector remain largely domestic or with operations in a very limited 

number of destinations.  
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4 Conclusions and Future Work 

From the results presented in section 3.2, it can be concluded that some data related to the host country 

as well as the firm itself are key features related to the internationalization strategy of Spanish firms. Ac-

cording to that, the most important features driving the internationalization decision of managers have 

been identified, as well as those features with a lowest level of relevance. Obtained results are consistent 

with previous work on this same dataset and with the state of the art. 

In future work, some other feature selection models will be applied to the same dataset to better under-

stand its nature and gaining deep knowledge of the internationalization strategy of Spanish firms. Addi-

tionally, data from some other home countries will also be analysed to compare results in a transnational 

study. 
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