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At present, China’s cross-border e-commerce has ushered in a golden period of development. When developing cross-border e-commerce, enterprises should first assess the market climate of the target country and reasonably select the target country. Based on the PESTEL theory, an evaluation index system is established for China’s cross-border e-commerce overseas strategic climate. Taking “One Belt, One Road” as the opportunity and background, the overseas strategic climate of cross-border e-commerce in 62 countries along the “One Belt, One Road” is selected as the research object, and the Decision Tree and Adaptive Boosting classification methods in machine learning are applied to train and predict the established index system. Finally an overall picture of the overseas strategic climate of the 62 countries is obtained. The results are compared and analysed in depth to identify the most suitable countries for cross-border e-merchants and to provide reference for cross-border e-merchants investors.

Keywords: cross-border e-commerce, strategic climate, “Belt and Road” countries, machine learning, Decision Tree, Adaptive Boosting


INTRODUCTION

E-commerce has developed rapidly as an efficient business model (Wang et al., 2021). Especially this year, under the impact of the global epidemic, e-commerce has played an important role in counteracting the impact of the epidemic, promoting consumer recovery and driving global economic recovery with its ability to break through time and space constraints, reduce intermediate links and resolve information asymmetry between supply and demand. As the country with the largest scale of e-commerce, China has a mature logistics system, an aggregated manufacturing industry chain, an efficient operation model, a specialised platform and a relatively well-established business ecosystem, and has a first-mover advantage in areas such as logistics, manpower, and payment (Lei and Qiu, 2020). As Chinese e-commerce has become relatively mature in the domestic market, it has turned to apply its rich experience and mature development system to the international market, and cross-border e-commerce has thus grown rapidly. The State also attaches great importance to the development of cross-border e-commerce in China. Since 2013, the Central Committee of the Communist Party of China, the State Council and relevant departments have issued a number of documents to enhance and speed up the development of cross-border e-commerce in China in terms of cross-border trade RMB settlement, trade taxation, customs supervision and inspection, simplification of systems and processes, and construction of free trade zones.

In 1994, Amazon was established, and in 2012 officially launched “global selling.” Under the influence of this, China’s cross-border e-commerce began an important transformation path. Although China’s history of cross-border e-commerce development is short com-pared to that of developed countries, it is developing at an extremely fast pace and the scale of development is increasing with the efforts of all parties. In 2020, China’s cross-border e-commerce imports and exports reach 1.69 trillion yuan, with a growth rate of 31.1%, of which exports are 1.12 trillion yuan, an increase of 40.1%.1 It is evident that the global demand for Chinese products is expanding and the market is highly competitive, therefore the comprehensive development of cross-border e-commerce and the establishment of a complete ecosystem will be an inevitable trend in the future and China’s cross-border e-commerce will usher in a new golden age of development.

The external macro environment is a prerequisite for the existence of a business and has a direct role in driving, constraining, and interfering with the continued development of the business (Raphaël et al., 2004). To develop cross-border e-commerce, we must first make a good judgement of the external environment, reasonably select the target market and conduct relevant strategic analysis in order to make cross-border e-commerce more efficient out of the country and take root in the international market.

Based on the above background, this study establishes an evaluation index system for the external strategic climate of cross-border e-commerce in China based on relevant theories, and makes a reasonable assessment of the offshore marketing environment. The established indicator system is predicted and evaluated by machine learning methods which are Decision Tree model and Adaptive Boosting model (AdaBoost). The learning results are compared and analysed to guarantee the accuracy of the results and to provide a basis for finding economies with an advantageous external climate for cross-border e-commerce.



LITERATURE REVIEW


Research on Cross-Border E-Commerce

Since 2013, research on cross-border e-commerce has attracted widespread attention, and after 2016, there has been an explosive growth in related research. With the upgrading of consumption and the increasing pursuit of a better life by domestic consumers, cross-border e-commerce has ushered in an era of great development (Zhang et al., 2021). Cross-border e-commerce is of strategic importance as a technological basis for promoting economic integration and trade globalisation (Jiang and Ma, 2021). Cross-border e-commerce not only breaks down the barriers between countries and makes international trade borderless, but also brings great changes to the world economy and trade (Li, 2020). Among all research scholars, Chinese scholars occupy the vast majority, while others mainly come from the United States, Germany, South Korea, etc.

In terms of research content, it is mainly divided into macro studies and related technical-level studies. The macroscopic studies are mainly qualitative studies, which focus on the development of cross-border e-commerce. They argue that the development of cross-border e-commerce cannot be separated from a perfect legal system and infrastructure construction (Kawa and Zdrenka, 2016; Aqlan, 2020). Most of the studies on the technical aspects of cross-border e-commerce are mainly quantitative, including mainly the studies related to logistics system and talent training. Kumar et al. (2018) argued that the employability of talents cultivated by cross-border e-commerce industry-university research is related to pre-vocational training. Wu and Clin (2018) analysed the problems in cross-border e-commerce talent training, and then proposed countermeasures for cross-border e-commerce talent training in vocational colleges under the integration of industry-education model. Some scholars studied the role of logistics for cross-border e-commerce and considered logistics as critical (Giuffrida et al., 2017; Li, 2018). Asch et al., 2020) studied the cross-border e-commerce market from the perspective of airports and considered pre-clearance capacity, air and land transportation capacity as prerequisites for the development of cross-border e-commerce.



Indicator System Evaluation Methodology

When choosing a method for the evaluation of the indicator system, different methods can be chosen according to the evaluation object and the purpose of the evaluation. For the determination of indicator weights, there are mainly subjective assignment methods and objective assignment methods. The subjective empowerment method includes the Delphi method and the hierarchical analysis method. The Delphi method is a subjective evaluation and forecasting method that repeats the process of expert consultation, with the aim of integrating the opinions of all participating experts and eventually reaching a consensus (García-Aracil and Palomares-Montero, 2012). Hierarchical analysis (AHP) is used for systems with a multi-level structure, and the comparison of relative quantities is used to take the feature vector corresponding to its feature roots as weights. It uses a two-by-two comparison of attributes to calculate weights, integrates the opinions of several experts, eliminates some obviously unreasonable data, and has a certain degree of objectivity (Beskese and Bozbura, 2014). The main objective weighting methods are the entropy method (Sun et al., 2017), the coefficient of variation method (Qi et al., 2021) and the correlation coefficient method (Abdelmoaty et al., 2021). When more complete sample data is available, objective weighting can be used and the results can be modified by cross-sectional comparisons between indicators. In the absence of sample data, especially when there are a large number of qualitative indicators, the subjective weighting method can be used. For the comprehensive evaluation of indicator system models, the main methods are principal component analysis (Spencer et al., 2020; Fayed and Jiazhu, 2021), factor analysis (Luo et al., 2020), cluster analysis (Hallak et al., 2013; Zhong et al., 2018), grey correlation (Chen et al., 2009), and so on.



Machine Learning Applications

Machine learning has been integrated into agriculture, industry, service industry, and many derivative industries over a certain period of time. In recent years, in the era of rapid Internet development and the emergence of massive amounts of data, scholars have started to study some new models to adapt to the big data context (Hoffman et al., 2010; Agarwal et al., 2014). At present, it can almost be considered that big data is the best scenario for machine learning applications, and machine learning has become an important branch of artificial intelligence. Today, machine learning has gradually become an indispensable solution in the industry, profoundly changing human life. The most mature application direction is computer vision, i.e., imitating the human eye to identify, track and measure targets, etc. Applications in image processing in the medical field and product quality control in industry are particularly prominent (Vanneste et al., 2021). Data visualisation of human body systems using computer vision techniques can help to personalise patient care (Razeghi et al., 2020). Computer vision is often used in conjunction with speech recognition and has been well used in speech translation speech recognition in the Internet domain (Gray and Suzor, 2020). Speech recognition has been expanded to form a new field of machine learning, namely natural language processing, which is mainly used in text processing such as machine translation, opinion monitoring, and text classification (He, 2018). Pattern recognition is a classic application area of machine learning, a process of perceiving, processing, and making judgements, often used in traffic surveying (Zhen et al., 2020). Statistical learning, big data analysis and data mining are machine learning fields that need to be used in combination with big data, which can be used to explore the potential value behind the data through readily available data, and are often used for promotion in the Internet field and analysis of the securities market in the financial field (Khan et al., 2020).

For the application of machine learning in prediction, regression algorithms are usually used for prediction. Most scholars base their research on the user perspective. Analysis of users’ behaviour and the herding among them can better predict their future behaviour (David et al., 2003); consumer preferences can be predicted based on the content of keywords and purchase behaviour entered by consumers (Kim et al., 2001; Liu and Toubia, 2018); and companies can predict user churn by tracking consumers’ behaviour related to emails (Ascarza et al., 2018). In addition, the prediction of app ad conversions (Olivier et al., 2014) and e-commerce transactions (Sheikh and Ebrahim, 2017) have also received attention from scholars.

Through a literature review of the research on cross-border e-commerce, the evaluation methods of strategic climate evaluation index systems and machine learning application areas, it is found that the current research direction is mainly based on cross-border e-commerce itself, which mainly focuses on cross-border e-commerce industry chain links and related peripheral needs. However, cross-border e-commerce is global and transnational, and different countries are bound to have different external environments, such as legal, political, and cultural, which often play an important role in the development of cross-border e-commerce. And the existing research methods are generally the existing traditional methods, and because the evaluation system examines a wide range of factors and lacks relatively unified basic indicators and basic algorithms, the results obtained by different evaluation methods are greatly different. Moreover, scholars usually apply only one evaluation method to the evaluation of an indicator system, focusing only on the evaluation results but neglecting the rationality of the evaluation process, resulting in questionable evaluation results. Moreover, there is almost no research on the application of machine learning to strategic climate evaluation. This study combines machine learning with the assessment of the cross-border e-commerce offshore market climate, breaking away from the traditional approach to the evaluation of indicator systems and opening up new areas of research in cross-border e-commerce and application of machine learning. Two machine learning methods are used in this study to avoid random errors and guarantee the accuracy of the results.




MATERIALS AND METHODS


Materials

The PESTEL theory, also known as the grand environmental analysis theory, adds environmental and legal factors to the PEST. Many scholars have conducted strategic research based on this theory (Wei et al., 2019; Kamile et al., 2020). Based on the PESTEL theory, this study establishes an evaluation index system for the external strategic climate of cross-border e-commerce from six aspects: political factors, economic factors, social factors, techno-logical factors, environmental factors, and legal factors.

Politics is a prerequisite for determining open cooperation between countries. A stable political environment plays a vital role in safeguarding the development of cross-border e-commerce, especially in volatile countries, which are sometimes disturbed by the political environment. Changes in the economic environment have a direct impact on cross-border e-commerce, and its condition directly affects the earnings of enterprises; the economy is a prerequisite for conducting trade. Social factors mainly refer to the local people’s awareness of cross-border e-commerce, consumption patterns, and the cultural quality of the population. The social environment affects the scale of cross-border e-commerce development. The technological environment indirectly or directly affects the efficiency of cross-border e-commerce. Ease of transportation, logistics timeliness and internet penetration have the most direct impact on the consumer experience. Environmental factors affect the speed of cross-border e-commerce development. Good industry development trends and sustainable development space can greatly facilitate the development of cross-border e-commerce. A sound legal environment can keep every link in the industry chain functioning well by regulating, restricting and maintaining the links.

Based on the above construction ideas, according to the principles of scientific validity, accessibility, applicability, etc., of data, this study has constructed a cross-border e-commerce overseas strategic climate evaluation index system containing three dimensions, as shown in Table 1. Scientific and applicability means that the selected indicators should be suitable for cross-border e-commerce, can effectively represent the external strategic climate, and the data sources are accurate, real and valid. Among the indicators of the same category, those with strong representativeness are selected to reflect other similar indicators. Accessibility means that there should be a way to source data. The lack of data on some Belt and Road countries has a great influence on the selection of evaluation indicators. In order to ensure the reliability of the evaluation indicators, this study mainly selects the relevant indicators from the world authoritative database. The selection of indicators should also be systematic and hierarchical to ensure that the overall situation can be comprehensively evaluated and the depth of evaluation can be reflected. Based on this, the evaluation index system of cross-border e-commerce overseas strategic climate is constructed. The primary indicators are political factors, economic factors, social factors, technological factors, environmental factors, and legal factors, including 13 secondary indicators and 26 tertiary indicators.


TABLE 1. Indicator system for evaluating the overseas strategic climate of cross-border e-commerce.

[image: Table 1]
The indicator data in the overseas strategic climate evaluation index system are obtained from the world authoritative database, among which X1–X4 and X25–X26 indicator data are obtained from the World Governance Indicators (WGI) report released by the World Bank, and other indicators or the original calculation data of indicators are obtained from the World Bank database. For the missing data, the commonly used average method is used for processing.

The data includes “with label” and “without label” data. The data with labels is “natural” data, and the top nine countries in terms of the percentage of China’s export destinations from August 2019 to July 2020 are selected as positive data with labels, namely Australia, Canada, Germany, Spain, France, the United Kingdom, Japan, Russia, and the United States, see Figure 1 for details. The strategic climate for e-commerce is good and conducive to cross-border e-commerce presence. African countries are rapidly developing their communications infrastructure, with the highest number of internet users in Nigeria, followed by Egypt, Kenya, South Africa, and Morocco. African e-commerce giant Jumia’s sites are also mostly established in these countries, in addition to Côte d’Ivoire. However, cross-border e-commerce export packages in these African countries are low, so the countries of Cote d’Ivoire, Nigeria, Kenya, South Africa, and Morocco are chosen to be included in the negative band label data. The indicator data of these countries for the last 10 years are selected for training and prediction.
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FIGURE 1. China export parcels August 2019–July 2020.


Since the introduction of China’s “Vision and Action for Promoting the Construction of the Silk Road Economic Belt and the 21st Century Maritime Silk Road” (the “Belt and Road”) in March 2015, China is gradually strengthening global openness and cooperation, actively promoting the building of interconnected partnerships with various countries along the route; it is strengthening innovative trade methods and we are building a win–win economic cooperation framework for all countries along the route to achieve common development and prosperity. The “Belt and Road” initiative is a new form of international economic cooperation between China and its new partners (Huang, 2016), a model for sustainable development (Michael and Wei, 2019), which can achieve international economic, political, and cultural development through diversified communication and exchange under the principle of peaceful coexistence between countries, and is important for promoting economic growth. It is an important contribution to the restructuring of the international economic system. Currently, some scholars have studied the impact of the Belt and Road Initiative on a particular economy, such as the Middle East (Kamel, 2018), Europe (Garcia and Xu, 2017), Africa and Central Asia (Huang et al., 2019), arguing that the Belt and Road Initiative will create a mutually beneficial and the “One Belt, One Road” initiative will create a mutually beneficial and interconnected cooperation platform that will bring huge economic development opportunities for China and countries along the route. In addition to the promotion of good policies of the Belt and Road, the opening of the China-Europe Class Train has become an important hub of the “One Generation, One Road” (Dmitri et al., 2020), providing great convenience for cross-border e-commerce to reduce costs and open up markets in various countries. Therefore, this study takes “One Belt, One Road” as the opportunity and background, relying on good national policies, and selects the strategic market climate of countries along the “One Belt, One Road” for forecasting, which is of practical guidance for the active development of cross-border e-commerce in China. Depending on availability, these unlabelled data include 62 countries which are Afghanistan, Albania, United Arab Emirates, Armenia, Azerbaijan, Bangladesh, Bulgaria, Bahrain, Bosnia and Herzegovina, Belarus, Brunei, Bhutan, Czechia, Egypt, Estonia, Georgia, Croatia, Hungary, Indonesia, India, Iran, Iraq, Israel, Jordan, Kazakhstan, Kyrgyzstan, Cambodia, Kuwait, Laos, Lebanon, Sri Lanka, Lithuania, Latvia, Moldova, Maldives, North Macedonia, Myanmar, Montenegro, Mongolia, Malaysia, Nepal, Oman, Pakistan, Philippines, Poland, Qatar, Romania, Saudi Arabia, Singapore, Serbia, Slovakia, Slovenia, Syria, Thailand, Tajikistan, Turkmenistan, Timor-Leste, Turkey, Ukraine, Uzbekistan, Vietnam, and Yemen, of which 42 are in Asia, 19 in Europe and 1 in Africa. Data for the last 10 years for these countries are selected for projections.



Methods

Machine learning methods can be used purely from indicator data to conduct holistic, open-ended and global analysis and evaluation to find out the inner logic between indicator data and effectively predict the indicator system, which plays an important role in building an evaluation indicator system with wider applicability and higher accuracy. At the same time, it can break the traditional cognition and guide further development strategies and choices by identifying the intrinsic link between indicator data and prediction results. According to the requirements, the machine learning models chosen for this article are Decision Tree model and AdaBoost. These two models are chosen because compared to other models, the Decision Tree model is easier to prepare data, can produce very good results for a large amount of data in a shorter period of time, and the Decision Tree is easy to understand. The AdaBoost model is highly accurate, simple to construct, and easy to understand and code. Both methods can achieve the purpose of the study, while the results can be compared. In this study, the language tool applied is python.

The Decision Tree is a model for classifying instances based on input features, which are conditional probability distributions defined over a feature space and a class space. The Decision Tree method has been widely used as a decision making technique in corporate investment decisions, most notably in the study of the spread of panic in interpersonal networks (Kelly and Grada, 2000) and in making causal inferences (Athey and Imbens, 2015). Decision Tree is one of the most common and popular methods of stochastic decision modelling, which can assess the importance of features, predict the true state of the evaluation target and effectively control risk (Panigrahi et al., 2021).

The principle of the Decision Tree is similar to that of a tree structure, consisting of decision nodes, branches, and leaves as shown in Figure 2 below. Each internal node represents a judgement on an attribute, each branch represents the output of a judgement, and finally each leaf node represents a classification result. The advantages of the Decision Tree are that the results are visual, easy to understand and relatively low computational effort.


[image: image]

FIGURE 2. Principle of Decision Trees.


The core idea of AdaBoost is to generate different weak classifiers for the same training set, and then collect these classifiers to form a stronger classifier to achieve a boosting process of the original classifier, which is shown in Figure 3 below. The key of this algorithm is to adjust the weights of each sample in the training set, which has the advantage of significantly improving the prediction accuracy of sub-classifiers without requiring a priori knowledge and solid theory, and therefore has received attention from researchers in different fields and has been widely used in various industries, such as recognition (Yan and Luo, 2012), localisation (Cheng et al., 2008), and classification (Nizamani et al., 2011).


[image: image]

FIGURE 3. Principle of AdaBoost.


This study uses a classification and regression tree (CART), which is a learning method that outputs a conditional probability distribution of a random variable Y given an input random variable X. There are only two choices of nodes. The feature space is divided into a finite number of cells by continuous partitioning, and the predicted probability distribution is determined over these cells. CART uses the Gini index to select the optimal cut-off feature, and because the basic structure of a binary tree is used, each partition is bifurcated. Gini index defined:

[image: image]

K, number of indicators; X, random variable; pi-random variables corresponding to probabilities p1, p2,…, ppk

If the sample set D is partitioned into two parts D1 and D2 according to whether feature A takes a certain value a:

[image: image]

Then, conditional on characteristic A, the Gini index of the set D is defined as:

[image: image]

The Gini index Gini(D) represents the uncertainty of D. The Gini index Gini(D, A) represents the uncertainty of the set D after the partition of A = a. The larger the value of the Gini index, the greater the uncertainty of the sample set, similar to entropy.




RESULTS

A total of 155 samples of “tagged” data are first trained and tested in a ratio of 7:3, with “tagged” representing a good or bad strategic environment for cross-border e-commerce in the country, as “Yes (Y)” or “No (N).” This is done to validate the accuracy of the model. A part of the data is taken out for training and another part is used for testing. When the model is trained, it must match the distribution of the training data. In order to verify the generalisation ability of the model, the data set that is not involved in the training is put into the model for testing, and the accuracy of the model prediction can be ensured by comparing it with the real value. After that, the valid model can be used to predict the data to ensure the validity of the results. The prediction accuracy of the two models is over 95% in the past 10 years, which fully demonstrates the effectiveness of the model.

The trained model is then used to predict the “un-labelled” data to assess the strategic climate for cross-border e-commerce in Belt and Road countries. A total of 693 samples are predicted and the results are finally tallied. This method ensures that the results are objective and accurate. The prediction results of the two models are compared and found to be identical, which fully guarantees the accuracy of the prediction results. In order to represent the analysis process more clearly, a diagram is made as in Figure 4.


[image: image]

FIGURE 4. Diagram of the analysis process.


The final results are divided into three categories. The first category is for countries with “N” prediction results in the past 10 years, with 25 countries in total, where the strategic climate for cross-border e-commerce has been unsatisfactory in the past 10 years, as shown in Table 2. The second group of countries with “Y” for the last 10 years, 26 in total, have a good strategic climate for cross-border e-commerce in the last 10 years, as shown in Table 3. There are also 11 countries with both “N” and “Y” for the last 10 years, and these countries have had an unstable and fluctuating strategic climate for cross-border e-commerce over the last 10 years, as shown in Table 4.


TABLE 2. Countries with “N” forecast for the last 10 years.

[image: Table 2]
 
TABLE 3. Countries with “Y” forecast for the last 10 years.

[image: Table 3]
 
TABLE 4. Countries with both “N” and “Y” forecast for the last 10 years.
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DISCUSSION

According to the above results, 12 European countries, accounting for 63% of the European countries selected for this study, have “Y” prediction in the last 10 years: Czechia, Estonia, Croatia, Hungary, Bulgaria, Lithuania, Latvia, Montenegro, Poland, Romania, Slovakia, and Slovenia. All of these countries signed the China–CEE Cooperation Mechanism (16 + 1 cooperation) with China in 2012. In recent years, China has worked with them to build a new type of cooperation platform, resulting in a number of sizeable, influential, and effective projects. The mechanism has become an important platform for open, inclusive, mutually beneficial and win–win cross-regional cooperation, and its international influence has continued to emerge, promoting the development of bilateral relations between China and CEE countries as well as China–Europe relations. The level of economic and trade cooperation between China and the CEE countries is also rising, with investment expanding and in more diverse forms, involving handicrafts, machinery, finance, and many other fields. At the same time, with the opening of the China–Europe train, the pace of cooperation and construction in the field of infrastructure interconnection has accelerated, some key transportation projects have been steadily promoted, and the role of Central and Eastern European countries as hubs in the Asia–Europe Continental Bridge has been continuously enhanced. Therefore, for these 12 European countries, their cross-border e-commerce offshore strategic climate is relatively forward, their economies are more open, their industry environment is good and their market potential is large, creating a favourable environment for cross-border e-commerce investors. China’s cross-border e-commerce business can be a key consideration when investing. There are 14 other Asian countries with a “Y” forecast in the last 10 years, namely Israel, Kazakhstan, Bahrain, Kuwait, United Arab Emirates, Lebanon, Maldives, Malaysia, Oman, Qatar, Saudi Arabia, Singapore, Syria, and Turkey. Although the strategic climate of these countries is suitable for cross-border e-commerce, it is varies greatly in terms of characteristics, and there is a greater need to enhance the inclusiveness of connectivity.

Twenty of the countries with “N” in the last 10 years are in Asia, accounting for 47% of the Asian countries selected for this study: Afghanistan, Armenia, Bangladesh, Kyrgyzstan, Cambodia, Georgia, Indonesia, India, Jordan, Sri Lanka, Myanmar, Mongolia, Nepal, Pakistan, Philippines, Tajikistan, Timor-Leste, Uzbekistan, Vietnam, and Yemen. There is also one African country, Egypt, and four European countries, Albania, Moldova, North Macedonia, and Ukraine. Most of these countries are developing countries with relatively low levels of economic development. Most countries lack good and accessible infrastructure and existing government planning is inadequate, so the openness and industry environment is relatively weak. Some of the countries also have political disputes and territorial disputes, making the political environment unstable and adding risk to e-commerce investments, so cross-border e-commerce businesses need to con-sider these countries carefully when selecting them.

Three of the countries with both “N” and “Y” in the 10-year forecast are in Europe, namely Bosnia and Herzegovina, Belarus, and Serbia. The remaining eight countries are Asian countries, including Azerbaijan, Brunei, Bhutan, Iran, Iraq, Laos, Thailand, and Turkmenistan. The overall offshore strategic climate for cross-border e-commerce in these countries is unstable, with weak ability to be disturbed by various indicators, and requires a high level of judgement and insight from investors. Therefore, these countries are suitable for those experienced cross-border e-commerce investors to choose from.



CONCLUSION

This article establishes an evaluating index system for the overseas strategic climate of cross-border e-commerce. Using the Decision Tree model and the AdaBoost model in machine learning, we analyse the overall situation of the cross-border e-commerce overseas strategic climate of 62 countries along the Belt and Road in the past 10 years based on the scientific, comprehensible and accessible data, combining theoretical and empirical dimensions. The following key findings are obtained.

First, the Decision Tree model and the AdaBoost model to the evaluation of the cross-border e-commerce overseas strategic climate index system are applied. The prediction accuracy rate is above 95% in the last 10 years of data and the prediction results of both models are exactly the same, which shows that machine learning is applicable to the index system established in this study, and the accuracy and validity are guaranteed.

Secondly, the prediction results through machine learning methods are divided into three categories. The first category contains 25 countries with a less than optimal strategic climate for cross-border e-commerce in the last 10 years, all with a prediction result of “N.” The second category contains 26 countries with a good strategic climate for cross-border e-commerce in the last 10 years, all with “Y” prediction. There are also 11 countries with both “N” and “Y” in the 10-year period, where the overseas strategic climate for cross-border e-commerce has been unstable over the last 10 years, with good and bad results. Cross-border e-commerce investors can invest based on the results selectively.

Thirdly, among the countries along the Belt and Road, most European countries have a good and stable overseas strategic climate for cross-border e-commerce. The Czechia, Estonia, Croatia, Hungary, Bulgaria, Lithuania, Latvia, Montenegro, Poland, Romania, Slovakia, and Slovenia are representative of these countries, which have good infrastructure, open economies and a good industry environment, bringing opportunities for cross-border e-commerce investors.

Most of the existing methods for evaluating the offshore strategic climate are subjective analysis or traditional mathematical methods. By establishing an indicator system and combining machine learning with the evaluation of the offshore strategic climate of cross-border e-commerce, this article breaks through the traditional method of evaluating indicator systems and opens up a new method of evaluating the offshore strategic climate of cross-border e-commerce and a new field of application of machine learning. This makes the evaluation process more rational and scientific. This is the innovation of this article and a new attempt. Of course, there are other models of machine learning than the Decision Tree model and the AdaBoost model. The Decision Tree model has the advantages of requiring little background knowledge, low computational complexity and strong explanation, the AdaBoost model makes good use of weak classifiers for cascading and has advantages such as high accuracy, so they are chosen for this study.

In future research, other models of machine learning can be tried and the results obtained from different models can be compared. Moreover, there are many types of goods sold in e-commerce, and different industries may require different external investment climate. The investment strategies needed to target consumer groups with different characteristics may also differ. Researchers may consider further research by industry, merchandise category, and target consumer characteristics.
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FOOTNOTES

1Central Administration of Customs. P. R. China. Available online: http://www.customs.gov.cn/customs/xwfb34/mtjj35/3551752/index.html (accessed on February 22, 2021).


REFERENCES

Abdelmoaty, H. M., Mahgoub, A. U., and Abdeldayem, A. W. (2021). Performance analysis of salt reduction levels in indirect freeze desalination system with and without magnetic field exposure. Desalination 508, 2411–2502.

Agarwal, A., Chapelle, O., Dudik, M., and Langford, J. (2014). A reliable effective terascale linear learning system. J. Mach. Learn. Res. 15, 1111–1133.

Aqlan, M. A. A. (2021). Research on the status quo and countermeasures of cross-border e-commerce development in Arab Countries. Open J. Bus. Manag. 08, 1536–1542. doi: 10.4236/ojbm.2020.84097

Ascarza, E., Netzer, O., and Hardie, B. S. (2018). Some customers would rather leave without saying goodbye. Market. Sci. 37, 54–77. doi: 10.1287/mksc.2017.1057

Asch, T. V., Dewulf, W., Kupfer, F., Cárdenas, I., and Van de Voorde, E. (2020). Cross-border e-commerce logistics strategic success factors for airports. Res. Transp. Econ. 79:100761.

Athey, S., and Imbens, G. (2015). Recursive partitioning for heterogeneous causal effects. Proc. Natl. Acad. Sci. U.S.A. 113, 7353–7360. doi: 10.1073/pnas.1510489113

Beskese, A., and Bozbura, F. T. (2014). Prioritization of relational capital measurement indicators using fuzzy AHP. Ahmet 14, 415–434.

Chen, M., Zhan, H., Fang, Q., and Chen, W. (2009). Grey correlation method in the decision of bridge design plans. Kybernetes 38, 1812–1818. doi: 10.1108/03684920910994330

Cheng, H., Huang, L., Liu, C. P., and Tan, N. T. (2008). A two-level video text localization algorithm based on strokes and adaboost. Acta Automat. Sin. 34, 1312–1318. doi: 10.3724/sp.j.1004.2008.01312

David, M., Blei, A. Y., and Ng, M. J. (2003). Latent dirichlet allocation. J. Mach. Learn. Res. 3, 993–1022.

Dmitri, M., Hao, H., Heng, Z., and Dragan, P. (2020). Location optimization of CR express international logistics centers. Symmetry 12:143. doi: 10.3390/sym12010143

Fayed, A., and Jiazhu, P. (2021). Generalized principal component analysis for moderately non-stationary vector time series. J. Stat. Plan. Infer. 212, 201–225. doi: 10.1016/j.jspi.2020.08.007

Garcia, H. A., and Xu, J. (2017). China’s belt and road initiative: can europe expect trade gains? China World Econ. 25, 84–99.

García-Aracil, A., and Palomares-Montero, D. (2012). Indicators for the evaluation of university institutions: validation through the Delphi method. Rev. Esp. Document. Científ. 35, 119–144.

Giuffrida, M., Mangiaracina, R., Perego, A., and Tumino, A. (2017). Cross-border B2C e-commerce to greater China and the role of logistics: a literature review. Int. J. Phys. Distrib. Logist. Manag. 47, 772–795. doi: 10.1108/ijpdlm-08-2016-0241

Gray, J. E., and Suzor, N. P. (2020). Playing with machines: using machine learning to understand automated copyright enforcement at scale. Big Data Soc. 7, 1–13. doi: 10.1093/oso/9780190941659.003.0001

Hallak, R., Assaker, G., and O’Connor, P. (2013). Profiling tourism smes according to owners’ support for community: a cluster analysis approach. Tour. Anal. 18, 691–705.

He, H. (2018). The parallel corpus for information extraction based on natural language processing and machine translation. Expert Syst. 36:e12349.

Hoffman, M. D., Blei, D. M., and Bach, F. R. (2010). “Online learning for latent dirichlet allocation,” in Proceedings of the Neural Information Processing Systems, Vancouver, BC.

Huang, R., Nie, T., Zhu, Y., and Du, S. (2019). Forecasting trade potential between China and the five central Asian countries: under the background of belt and road initiative. Comput. Econ. 55, 1233–1247. doi: 10.1007/s10614-019-09886-y

Huang, Y. (2016). Understanding China’s belt & road initiative: motivation, framework and assessment. China Econ. Rev. 40, 314–321. doi: 10.1016/j.chieco.2016.07.007

Jiang, X., and Ma, Y. (2021). Development strategy of cross-border e-commerce under the background of anhui free trade zone. Sci. J. Econ. Manag. Res. 3:6.

Kamel, M. S. (2018). China’s belt and road initiative: implications for the middle East. Cambridge Rev. Int. Aff. 31, 1–20. doi: 10.1007/s11356-021-15660-1

Kamile, P., Jolanta, D., Giedrius, K., Daina, K., Julie, C., Leonie, H., et al. (2020). Situation analysis of policies for electric mobility development: experience from five european regions. Sustainability 12:2935. doi: 10.3390/su12072935

Kawa, A., and Zdrenka, W. (2016). Conception of integrator in cross-border E-commerce. Logforum 12, 63–73.

Kelly, M., and Grada, C. O. (2000). Market contagion: evidence from the panics of 1854 and 1857. Am. Econ. Rev. 90, 1110–1124. doi: 10.1257/aer.90.5.1110

Khan, A., Ibrahim, I., and Uddin, M. (2020). Machine learning approach for answer detection in discussion forums: an application of big data analytics. Sci. Program. 2020:4621196.

Kim, J. W., Lee, B. H., and Shaw, M. J. (2001). Application of decision-tree induction techniques to personalized advertisements on internet storefronts. Int. J. Electron. Comm. 5, 45–62. doi: 10.1080/10864415.2001.11044215

Kumar, E. A., Singh, E. A., and Maurya, D. R. M. (2018). Research on cross-border E-commerce talents training from the perspective of industry-university-research cooperation. Ind. J. Public Health Res. Dev. 1:193.

Lei, Y., and Qiu, X. (2020). Evaluating the investment climate for China’s cross-border E-Commerce: the application of back propagation neural network. Information 11:526. doi: 10.3390/info11110526

Li, B. (2020). Export effect of trade facilitation in asian “belt and road” coastal countries on China’s cross-border E-commerce. J. Coast. Res. 104, 628–632.

Li, G. (2018). Exploration and analysis of cross-border E-commerce talents training under the mode of industry-education integration in vocational colleges. Ind. J. Public Health Res. Dev. 1:351.

Liu, J., and Toubia, O. (2018). A semantic approach for estimating consumer content preferences from online search queries. Market. Sci. 37, 930–952. doi: 10.1287/mksc.2018.1112

Luo, Y., Chen, J., and Liu, W. (2020). Pollutant concentration measurement and emission factor analysis of highway tunnel with mainly HGVs in mountainous area. Tunn. Undergr. Space Technol. 106:103591. doi: 10.1016/j.tust.2020.103591

Michael, D., and Wei, L. (2019). Chinese perspectives on the belt and road initiative. Cambridge J. Reg. Econ. Soc. 12, 145–165.

Nizamani, S., Memon, N., and Wiil, U. K. (2011). Detection of illegitimate emails using boosting algorithm. in Counterterrorism and Open Source Intelligence ed. U. K. Wiil (Vienna: Springer), 249–264. doi: 10.1007/978-3-7091-0388-3_13

Olivier, C., Eren, M., and Romer, R. (2014). Simple and scalable response prediction for display advertising. ACM Trans. Intell. Syst. Technol. 5:61.

Panigrahi, R., Borah, S., Bhoi, A. K., Ijaz, M. F., Pramanik, M., Jhaveri, R. H., et al. (2021). Performance assessment of supervised classifiers for designing intrusion detection systems: a comprehensive review and recommendations for future research. Mathematics 9:690. doi: 10.3390/math9060690

Qi, Z., Ni, P., Jiang, W., and Wang, R. (2021). Linear array industrial computerized tomography quantitative detection method for small defects based on coefficients of variation. J. Electron. Mater. 50, 2066–2074. doi: 10.1007/s11664-020-08704-8

Raphaël, K., Akamavi, A. M., and Agyenim, B. (2004). Assessing the francophone West Africa market. Market. Intell. Plan. 22, 455–471.

Razeghi, O., Solís-Lemus, J. A., and Lee, A. W. C. (2020). An interactive medical imaging application with image processing, computer vision, and machine learning toolkits for cardiovascular research. SoftwareX 12:100570. doi: 10.1016/j.softx.2020.100570

Sheikh, S., and Ebrahim, M. (2017). A genetic programming based algorithm for predicting exchanges in electronic trade using social networks’ data. Int. J. Adv. Comput. Appl. 8, 189–196.

Spencer, B., Steven, G., and John, S. (2020). Structural design space exploration using principal component analysis. J. Comput. Inf. Sci. Eng. 20:061014.

Sun, L. Y., Miao, C. L., and Yang, L. (2017). Ecological-economic efficiency evaluation of green technology innovation in strategic emerging industries based on entropy weighted TOPSIS method. Ecol. Indic. 73, 554–558. doi: 10.1016/j.ecolind.2016.10.018

Vanneste, P., Oramas, J., Verelst, T., Tuytelaars, T., Raes, A., Depaepe, F., et al. (2021). Computer vision and human behaviour, emotion and cognition detection: a use case on student engagement. Mathematics 9:287.

Wang, Y., Yu, Z., Shen, L., and Dong, W. (2021). E-commerce supply chain models under altruistic preference. Mathematics 9:632. doi: 10.3390/math9060632

Wei, P., Le, C., and Wen, Z. (2019). PESTEL analysis of construction productivity enhancement strategies: a case study of three economies. J. Manag. Eng. 35:5018013.

Wu, P. J., and Clin, K. (2018). Unstructured big data analytics for retrieving e-commerce logistics knowledge. Telemat. Informat. 35, 237–244. doi: 10.1016/j.tele.2017.11.004

Yan, X., and Luo, Y. (2012). Recognizing human actions using a new descriptor based on spatial–temporal interest points and weighted-output classifier. Neurocomputing 87, 51–61. doi: 10.1016/j.neucom.2012.02.002

Zhang, X., Xu, D., Xiao, L., and Zhou, M. (2021). Intelligent perception system of big data decision in cross-border e-commerce based on data fusion. J. Sens. 2021, 1–11.

Zhen, L., Hong, J., and Yan, W. (2020). Urban expressway parallel pattern recognition based on intelligent IOT data processing for smart city. Comput. Commun. 155, 40–47. doi: 10.1016/j.comcom.2020.03.014

Zhong, L., Lili, H., and Xiao, Z. (2018). Clustering analysis method and implementation in the MapReduce model for solving data-intensive problems. Int. J. Comput. Appl. 42, 533–543. doi: 10.1080/1206212x.2018.1477321


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Lei and Qiu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Research on the Evaluation of Cross-Border E-Commerce Overseas Strategic Climate Based on Decision Tree and Adaptive Boosting Classification Models



		INTRODUCTION



		LITERATURE REVIEW



		Research on Cross-Border E-Commerce



		Indicator System Evaluation Methodology



		Machine Learning Applications







		MATERIALS AND METHODS



		Materials



		Methods







		RESULTS



		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FOOTNOTES



		REFERENCES

















OPS/images/cover.jpg
frontiers
in Psychology

Research on the Evaluation
of Cross-Border E-Commerce
Overseas Strategic Climate
Based on Decision Tree
and Adaptive Boosting
Classification Models







OPS/images/fpsyg-12-803989-t001.jpg
Primary Secondary Three-level indicator

indicator indicator

Political factors ~ Government Government accountability X4
execution

Economic
factors

Social factors

Technological
factors

Environmental
factors

Legal factors

Political stability
Economic strength

Economic stability

Economic
openness

Demographic
environment

Cultural
background

Telecommunication

condition

Logistics conditions

Industry
development

Sustainability

Citizenship

Laws and
regulations

Government efficiency Xp

Supervision quality X3

Political stability, absence of violence X4
Total GDP Xs

GDP growth rate Xg
Per capita GDP X7

Inflation (measured by consumer price
index) Xg

Foreign direct investment Xg

Dependence on foreign trade X1g
Total population X4

Proportion of the population living in
poverty X1

Number of people aged 15-64 X13

Salaried women as a proportion of
female employment X14

Percentage of unemployed X1s

Mobile cellular subscriptions per 100
people X1

Number of secure internet servers X7
Internet penetration rate Xig

Railway (total kilometres) X1g

Air outbound traffic Xog

Container terminal throughput Xo4

Imports of goods and services as a
percentage of GDP Xoz

Annual growth rate of imports of goods
and services Xo3

PM2.5 air pollution rate annual average
exposure Xo4

Law-ruled environment Xos
Legal power index Xog







OPS/images/fpsyg-12-803989-t003.jpg
No. Country Year

10 11 12 10 14 15 10 17 18 10
1 Czechia Y ¥ ¥ ¥ ¥ ¥ ¥ X ¥ X
2 Estonia Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ Y
3 Croatia Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ Y
4 Hungary Y Y Y Y Y Y Y Y Y Y
5 Israel Y Y Y Y Y Y Y Y Y Y
6 Kazakhstan Y Y Y Y Y Y Y Y Y Y
7 Bulgaria Y Y Y Y Y Y Y Y Y Y
8 Bahrain Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ Y
9 Kuwait Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ Y
10  United Arab Emirates Y Y Y Y Y Y Y Y Y Y
11 Lebanon Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥
12 Lithuania Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥
13 Latvia Y ¥ ¥ ¥ ¥ ¥ ¥ X ¥ X
14 Maldives Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ Y
15 Montenegro Y Yy Y Y Y Y Y Y Y Y
16 Malaysia Y Y Y Y Y Y Y Y Y Y
17 Oman Y Y Y Y Y Y Y Y Y Y
18 Poland Y Y Y Y Y Y Y Y Y Y
19 Qatar Y Y Y Y Y Y Y Y Y Y
20 Romania Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ Y
21 Saudi Arabia ¥ ¥ ¥ Y ¥ ¥ ¥ Y ¥ ¥
22 Singapore Y Yy Y Y Y Y Y Y Y Y
23 Slovakia Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥
24 Slovenia Y ¥ ¥ ¥ ¥ ¥ ¥ X ¥ X
25 Syria Y ¥ ¥ ¥ ¥ ¥ ¥ X ¥ X
26 Turkey Y ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ Y

Y/N indicates good/bad overseas strategic climate for cross-border e-commerce.





OPS/images/fpsyg-12-803989-t002.jpg
No. Country Year

10 11 12 13 14 15 16 17 18 19
1 Afghanistan N N N N N N N N N N
2 Albania N N N N N N N N N N
3 Armenia N N N N N N N N N N
4 Egypt N N N N N N N N N N
5 Bangladesh N N N N N N N N N N
6 Kyrgyzstan N N N N N N N N N N
7 Cambodia N N N N N N N N N N
8 Georgia N N N N N N N N N N
g Indonesia N N N N N N N N N N
10 India N N N N N N N N N N
11 Jordan N N N N N N N N N N
12 Sri Lanka N N N N N N N N N N
13 Moldova N N N N N N N N N N
14 North Macedonia N N N N N N N N b4 b4
15 Burma N N N N N N N N N N
16 Mongolia N N N N N N N N N N
17 Nepal N N N N N N N N N N
18 Pakistan N N N N N N N N N N
19 Philippines N N N N N N N N N N
20 Tajikistan N N N N N N N N N N
21 East Timor N N N N N N N N N N
22 Ukraine N N N N N N N N N N
23 Uzbekistan N N N N N N N N N N
24 Vietnam N N N N N N N N N N
25 Yemen N N N N N N N N N N

Y/N indiicates good/bad overseas strategic climate for cross-border e-commerce.





OPS/images/fpsyg-12-803989-g002.jpg
Feature A

Feature B

| Classificationl

Feature D

| Classificationl Classification2 ‘

| Classificationl

I Classificationl ‘ Classification2 I






OPS/images/fpsyg-12-803989-g001.jpg
Others, 30%

Spain, 3%
Japan, 3%
Australia, 3%

Russia, 5%

Germany, 5% Canads. 5%





OPS/images/fpsyg-12-803989-t004.jpg
No. Country Year

10 11 12 10 14 15 10 17 18 10
1 Azerbaijan N Y Y Y Y N N N N N
2 Bosniaand Herzegovina N N N N N N N N Y Y
3 Belarus Y ¥ ¥ ¥ ¥ ¥ N N ¥ ¥
4 Brunei Y Y Y Y Y Y N N Y Y
5 Bhutan N N N N N N N N Y Y
6 Iran Y Y Y Y N N N N Y Y
7 Irag N Y Y Y Y N N N N Y
8 Laos N N N N N N N N Y Y
g Thailand N N N Y Y N Y Y Y Y
10 Turkmenistan N N Y Y Y Y Y Y Y Y
11 Serbia N Y Y Y Y N N Y Y Y

Y/N indicates good/bad overseas strategic climate for cross-border e-commerce.





OPS/images/fpsyg-12-803989-e000.jpg
k k
Gini(X) = > p(1—p)=1- p} O]
o =





OPS/images/logo.jpg
’ frontiers
in Psychology





OPS/images/fpsyg-12-803989-g004.jpg
overseas strategic climate based on machine learning models

[ Research on the evaluation of cross-border e-commerce ]

;

Construction of the evaluation index system of
cross-border e-commerce overseas strategic climate

v '

s

Political | |

v

y v

Economic I I Social | I Technological | I Environmental I | Legal |
I I b‘.
I I

[ Decision Tree ]

Model
Data with labels

Training and
Testing

Tree Model

Data without
labels

[ Projections ]

[ Trained Decision ]

Decision Tree

[ Results of the ]

[ Adaboost Model ]

Data with labels

Training and
Testing

[ Trained Adaboost J

Model
Data without
labels

[ Projections ‘

Results of the
Adaboost
|

:

[ Comparison and Analysis J






OPS/images/fpsyg-12-803989-e001.jpg
D, = (x,y) € D|A(x) = a D,

@)





OPS/images/fpsyg-12-803989-g003.jpg
1 Classifier] |

. Classifier2 }_—-—»@

. Classifier3 F






OPS/images/fpsyg-12-803989-e002.jpg
ini(D, A) = Gmt (Dy) + —‘Gm. (D) ®)





