

  Effect of the ICT Ecosystem Structure on the Sustainable Growth of ICT Firms: A Metafrontier Analysis on China, South Korea, the United States, and Japan




Effect of the ICT Ecosystem Structure on the Sustainable Growth of ICT Firms: A Metafrontier Analysis on China, South Korea, the United States, and Japan







Sustainability 2016, 8(5), 469; doi:10.3390/su8050469




Article



Effect of the ICT Ecosystem Structure on the Sustainable Growth of ICT Firms: A Metafrontier Analysis on China, South Korea, the United States, and Japan



Kyoungsun Lee 1, Yuri Park 1 and Daeho Lee 2,*





1



Department of ICT Strategy Research, Korea Information Society Development Institute, 18 Jeongtong-ro, Deoksan-myeon, Jincheon-gun, Chungchengbuk-do 27872, Korea






2



Department of Interaction Science, Sungkyunkwan University, 25-2 Sungkyunkwan-ro, Jongno-gu, Seoul 03063, Korea









*



Correspondence: Tel.: +82-10-8923-0124; Fax: +82-2-740-1856







Academic Editor: Marc A. Rosen



Received: 17 March 2016 / Accepted: 9 May 2016 / Published: 12 May 2016



Abstract:

 We study how the information and communications technology (ICT) ecosystem affects the sustainable growth of ICT firms. For our study, we analyze the efficiencies of ICT firms in China, South Korea, the United States, and Japan, which are the current leaders in the global ICT industry, each with different ICT ecosystem structures. We use metafrontier analysis (MFA) to compare the efficiencies among countries with different structures, and then use Tobit regression to identify the causes of the efficiency gaps. Our results reveal that the US has the highest efficiency, followed by Japan, South Korea, and China, in that order, and the countries with more balanced ICT ecosystems across sub-industries—manufacturing, software and IT services, content, and telecommunications—have more efficient ICT industries. This suggests that a more balanced industrial development is important to enhancing the overall competitiveness of the ICT industry.
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1. Introduction


Apple’s iPhone changed people’s expectations of mobile devices and the way firms compete in the information and communications technology (ICT) industry. While it was not the first smartphone introduced to the market, the iPhone was the first smartphone to deeply affect people’s lives with its easy to use and expandable functions and its reliable and seamless internet access. The reason Apple was so successful was because it delivered a holistic user experience, capitalizing on its own hardware and software capabilities that allowed for an integrated design and an ecological collaboration (e.g., with telecommunication companies to support voice and data network access, as well as with third-party developers to secure a variety of software applications and content) that enabled destructive innovation. The iPhone’s success made many firms recognize the importance of understanding consumers and creating an entire ICT ecosystem to win in the market.



However, it would be inefficient for a single firm to internally build all of the necessary capabilities to compete in the rapidly changing ICT market. Therefore, it may also be crucial to develop a well-balanced ICT ecosystem at a national level that facilitates open innovation and collaboration among firms with different strengths and weaknesses. Indeed, like Apple, firms tend to focus on their core competencies, taking advantage of various strategies, such as mergers and acquisitions (M and A), strategic alliances, and collaborative R and D, so as to quickly respond to the demand of the market [1]. Additionally, as ICTs converge on the internet, researchers have suggested the ecosystem approach for the ICT industry and emphasized the interoperability among different players in the ecosystem as a key driver of innovation [2,3,4,5]. Fransman [3,4] claims that the widespread use of the internet has reshaped the ICT ecosystem into an evolving innovation system made up of four layers (ICT equipment providers; network operators; platform, content and applications providers; and final consumer-users), and that innovation occurs through symbiotic interactions between the four layers within their environment. The author further argues that national systems can affect the relative performances of firms. Bauer [6] addresses the idea that convergence is not technology-driven but instead co-evolutionary with technology changes involving market and policy decisions.



However, to our knowledge, little empirical work has been conducted regarding the ICT ecosystem’s impact on the ICT industry’s performance. In this paper, we evaluate how the ICT ecosystem structure affects the performance of firms and provide policy implications for the sustainable growth of ICT firms based on the results. Specifically, we measure the efficiencies of ICT firms in four countries, the United States (US), China, South Korea, and Japan, which are major players in the global ICT industry with different paths of growth, thereby having different ICT ecosystem structures. We investigate the connection between the structures of the ICT ecosystems and the efficiency levels of firms. The data used in this study are obtained from the ThomsonONE database [7] and the efficiency is estimated based on stochastic frontier analysis (SFA) and metafrontier analysis (MFA). While SFA is commonly used to estimate efficiency levels, it is limited in that the results obtained by SFA can only be compared among firms with the same production function. Thus, to compare the efficiencies of the firms across countries, we use MFA, which allows for comparisons across different groups with different technologies. In addition, we perform Tobit regression to examine if the ICT ecosystem structures affect the firms’ efficiency levels.



Our results show that the US with the most balanced ICT ecosystem has the highest efficiency, followed by Japan, South Korea, and China, in that order. Tobit regression results provide an empirical evidence that the more balanced ICT ecosystems across sub-industries—content, software, telecommunications, and manufacturing—are attributed to higher efficiency. This suggests that policy-makers should take a more holistic approach to improving the ICT industry’s overall competitiveness.



The remainder of this paper is organized as follows. Section 2 describes the methodologies used for our study. In Section 3 and Section 4, we present our dataset and results, respectively. Section 5 concludes the paper with a summary of our findings.




2. Methodology


We first use SFA and MFA to measure the efficiencies of firms. Then we conduct Tobit regression to identify the linkage between the structures of the ICT ecosystems and the efficiencies of firms. Details of our methodologies are explained in Section 2.1 and Section 2.2.



2.1. Measuring Efficiency


In the literature, SFA and data envelope analysis (DEA) are commonly used to measure the efficiency of firms (e.g., [8,9,10,11,12,13]). However, both SFA and DEA are limited in that the efficiencies obtained from using them can only be compared among groups with the same production function. In addition, given that DEA does not assume a production function or an error term, stochastic errors arise from estimation of the inefficiency term, thereby overestimating the inefficiency. Thus, in this paper, we use SFA to estimate the efficiencies of ICT firms and MFA for the comparison of efficiencies among groups with different production functions. SFA and MFA are explained in the following sections.



2.1.1. Stochastic Frontier Analysis (SFA)


In order to assess the technical efficiency (TE) of firms, SFA first estimates a frontier production function, the maximum output that firms are able to produce with a given input and technology. Next, SFA evaluates the TE of a firm based on the distance between the output of the firm and the frontier; here, as the distance increases, the efficiency of the firm decreases. Specifically, we adopt a random-effect, time-varying production model suggested by [14]. The stochastic frontier production function is given by:


[image: there is no content]



(1)




where Yit is the output of the i-th firm in the t-th period; xit is a vector of firm i’s input set in the t-th period; [image: there is no content] is the production function; β is a vector of unknown parameters that is to be estimated; Vit is an independent and identically distributed (iid) random variable that follows a normal distribution of [image: there is no content]; and Uit is the appropriate inefficiency, a non-negative random variable that follows a truncated normal distribution of [image: there is no content]. The technical inefficiency effects are defined as [image: there is no content], where [image: there is no content] and [image: there is no content] are parameters to be estimated.



From Equation (1), the technical efficiency of firm i at period t, TEit, is as follows:


[image: there is no content]



(2)







Typically, the production function of SFA takes a translog or Cobb-Douglas production function. The Cobb-Douglas production function is inflexible because it is assumed to be a log-linear combination of input variables. Thus, we use the translog function, as shown in Equation (3):


[image: there is no content]



(3)




where x1it, x2it, and x3it denote the capital (K), cost of revenue (M), and labor (L), respectively, of the i-th firm in the t-th period.




2.2.2. Metafrontier Analysis (MFA)


MFA has been applied to various areas in the ICT industry, such as broadcasting, telecommunications, and the content industry (e.g., see [15,16,17,18]). To compare efficiencies across different groups with different technologies, MFA introduces a metafrontier production function that envelops the production functions of the different groups [19]. From [20], the metafrontier production function is defined as follows:


[image: there is no content]



(4)




where [image: there is no content] is the vector of the metafrontier parameters to be estimated and j is the country: South Korea (j = 1); China (j = 2); US (j = 3); and Japan (j = 4). Equation (4) implies that a metafrontier production function envelops all of the group frontiers. For simplicity, the function f in Equation (1) is assumed to be of the form [image: there is no content], and Equation (1) is rewritten as shown below:


[image: there is no content]



(5)







By dividing both sides of Equation (5) by [image: there is no content], we obtain Equation (6):


[image: there is no content]



(6)







The first part of the right-hand side of Equation (6) is the technical efficiency (TE). The second part is the technical gap ratio (TGR) (or meta-technology ratio [MTR]), which represents the frontier to metafrontier ratio for each country. The metafrontier technical efficiency (TE*) is the product of TE and TGR. It is expressed as follows:


[image: there is no content]



(7)







There are two ways to calculate the parameters of the metafrontier production function: linear programming (LP) and quadratic programming (QP). From [20], the LP and QP are given by:


[image: there is no content]



(8)
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(9)









2.2. Identifying the Link between the ICT Ecosystem Structure and Firm Efficiency


We use Tobit regression to analyze the ICT ecosystem’s impact on firm efficiency, since the technical gap ratio takes values between 0 and 1. In the regression, the total assets, number of employees, cost of revenue, and intangible assets (e.g., patents and copyrights) are included as independent variables. In addition, since we hypothesize that a more balanced ICT ecosystem at the country level leads to higher technical efficiency at the firm level, we introduce a variable to capture the balanced ICT ecosystem at the country level. We first define the balance of an ICT ecosystem as balance across the four sub-industries—content, software, telecommunications, and manufacturing—and then measure it with the Herfindahl-Hirschman Index (HHI) formula. In this paper, the HHI is the sum of the squares of the portion of each sub-industry in terms of the firm number. A higher HHI value indicates a higher concentration on a particular sub-industry (or particular sub-industries) and, therefore, a less balanced ICT ecosystem. Let [image: there is no content], [image: there is no content], and [image: there is no content] be the total assets, number of employees, and cost of revenue in logarithmic form, respectively. Let [image: there is no content], and [image: there is no content] be the balance of an ICT ecosystem and intangible assets, respectively, and let [image: there is no content] be the dummy variable for the year effect. Then, the Tobit model used in this paper is given by:


[image: there is no content]



(10)









3. Data


Using the firm-level data from year 2000 to 2014 available in the ThomsonONE database [7], we analyze 2709 ICT firms in the US, China, South Korea, and Japan. The four countries were chosen because they are major players in the global ICT industry and have grown along different paths and with different ICT ecosystems. The US has successfully developed in all ICT sectors and is characterized by having the most advanced software capability and an open ICT ecosystem. On the other hand, Japan, South Korea, and China have grown rapidly around the hardware industry with hardware-centric ecosystems, as the industrial momentum has shifted from Japan to South Korea to China. Japan, who once dominated the global electronics market, was particularly notable for its manufacturing excellence that had relied on the long-term relationships between manufacturers and suppliers, but Japan failed to adapt to the global trend changes and lost its comparative advantage in the market to South Korea [21]. Japan, however, remains strong in the components market, generating high profits. South Korea, which has the most hardware-oriented industry structure of the four countries, has achieved rapid industrial growth based on their advanced internet infrastructure [22] and their fast-follower strategy. However, the country is now struggling to cope with the paradigm shift to software-centric innovation. China has gained its manufacturing capabilities by serving as the world’s factory. Its growth has been based on its huge domestic market, expanding its penetration in the global market through low-cost labor. In recent years, China has aggressively invested in R and D and has sought partnerships and M and A, resulting in world-class internet firms and manufacturing excellence that goes beyond low-cost labor. Now, China is not only the largest exporter of ICT goods, but is also a major exporter of ICT services, although the US shows higher performance in terms of the value-added terms [23]. Figure 1 depicts the annual net sales of ICT firms in the four countries.


Figure 1. Net sales of ICT firms in the four countries by year (Unit: USD million). (a) South Korea; (b) China; (c) US; (d) Japan.
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In measuring the firms’ efficiency, we choose variables based on the theoretical background. We use net sales for the output variable (e.g., see [8,16,18,24,25,26,27]), the total capital for K (e.g., see [8,16,17]), the number of employees for L (e.g., see [8,16,17,18,24,25,26]), and the cost of revenue for M (e.g., see [17,24,28,29]). These are available through the ThomsonONE database [7] and are standardized to compare data from firms with different accounting rules. Table 1 reports the summary statistics for the input and output variables.



Table 1. Summary statistics.



	
Variable (Unit)

	
South Korea

	
China

	
US

	
Japan






	
Net sales (USD Millions)

	
Mean

	
1124.396

	
594.383

	
1877.467

	
1609.621




	
std. dev.

	
8899.146

	
2936.219

	
9263.516

	
8645.458




	
Max

	
216,698.431

	
53,120.139

	
182,795.000

	
127,679.229




	
Min

	
0.321

	
0.010

	
0.001

	
0.004




	
Median

	
55.883

	
89.384

	
102.143

	
113.108




	
Capital (K) (USD Millions)

	
Mean

	
1109.834

	
883.235

	
3334.627

	
1973.734




	
std. dev.

	
8209.110

	
4964.031

	
16,582.400

	
12,260.308




	
Max

	
209,637.409

	
90,469.703

	
292,829.000

	
237,277.973




	
Min

	
2.727

	
0.002

	
0.001

	
0.062




	
Median

	
66.556

	
181.898

	
135.958

	
106.120




	
Labor (L) (persons)

	
Mean

	
1045.742

	
4933.722

	
5880.108

	
5031.013




	
std. dev.

	
5878.119

	
20,232.424

	
25,034.968

	
24,657.301




	
Max

	
101,970.000

	
314,541.000

	
434,246.000

	
361,796.000




	
Min

	
2.000

	
2.000

	
1.000

	
1.000




	
Median

	
168.000

	
1162.000

	
408.000

	
504.000




	
Cost (M) (USD Millions)

	
Mean

	
780.936

	
414.536

	
995.690

	
1064.218




	
std. dev.

	
6167.136

	
1914.335

	
5144.182

	
5673.457




	
Max

	
130,474.555

	
39,735.625

	
112,258.000

	
92,047.101




	
Min

	
0.002

	
0.001

	
0.001

	
0.013




	
Median

	
42.369

	
58.943

	
50.372

	
77.997




	
Observation (# of firms × time)

	
1212 × 15

	
406 × 15

	
579 × 15

	
511 × 15











4. Results


We estimate the parameters of the production function for each country and the metafrontier production function, using Frontier (version 4.1, University of New England, Armidale, Australia) and Matlab (version 7.1.0.246, The MathWorks, Inc., Natick, MA, United States), respectively. Table 2 shows the results.



Table 2. Estimation results of group and metafrontier production functions.



	
Parameter

	
South Korea

	
China

	
U.S.

	
Japan

	
Metafrontier




	
Estimate

	
S.E.

	
Estimate

	
S.E.

	
Estimate

	
S.E.

	
Estimate

	
S.E.

	
LP

	
QP






	
Constant

	
3.802 ***

	
0.459

	
5.952 ***

	
0.678

	
9.298 ***

	
0.353

	
9.595 ***

	
0.446

	
9.594

	
9.595




	
lnx1

	
0.006

	
0.082

	
0.667 ***

	
0.108

	
0.374 ***

	
0.048

	
0.849 ***

	
0.063

	
0.374

	
0.326




	
lnx2

	
0.386 ***

	
0.046

	
0.352 ***

	
0.094

	
1.008 ***

	
0.063

	
0.613 ***

	
0.064

	
0.888

	
0.887




	
lnx3

	
0.528 ***

	
0.064

	
−0.349 ***

	
0.071

	
−0.540 ***

	
0.042

	
−0.997 ***

	
0.063

	
−0.530

	
−0.487




	
(lnx1)2

	
0.089 ***

	
0.005

	
0.009

	
0.006

	
0.012 ***

	
0.002

	
0.052 ***

	
0.004

	
0.114

	
0.093




	
(lnx2)2

	
0.012 ***

	
0.002

	
0.018 ***

	
0.004

	
0.025***

	
0.003

	
0.009 ***

	
0.003

	
0.036

	
0.048




	
(lnx3)2

	
0.122 ***

	
0.002

	
0.104 ***

	
0.003

	
0.077***

	
0.002

	
0.151 ***

	
0.003

	
0.192

	
0.161




	
lnx1 × lnx2

	
0.093 ***

	
0.005

	
0.119 ***

	
0.008

	
0.064***

	
0.005

	
0.090 ***

	
0.005

	
0.086

	
0.065




	
lnx2 × lnx3

	
−0.119 ***

	
0.005

	
−0.152 ***

	
0.006

	
−0.130***

	
0.004

	
−0.129 ***

	
0.006

	
−0.154

	
−0.142




	
lnx3 × lnx1

	
−0.196 ***

	
0.005

	
−0.089 ***

	
0.007

	
−0.050 ***

	
0.003

	
−0.167 ***

	
0.006

	
−0.267

	
−0.213








Note: *** indicates statistically significant at the 1% level.








Note that the results in Table 2 are obtained under the assumption that ICT firms of the four countries have different product functions and this assumption can be verified by the likelihood ratio (LR) test (we estimated the stochastic frontier with the pooled data of all countries (See [20] for details of the pooled model) as well as with the data by country and conducted the generalized likelihood ratio (LR) test to verify the null hypothesis: the group stochastic frontiers are identical. The value of LR is 1616.116, which is highly significant. Therefore, the null hypothesis is rejected).



Based on the results of the group frontier production functions, we obtain TEs from SFA, and TGRs and TE*s from MFA (while we used both LP and QP to calculate TGRs and TE*s, we only discussed the results of LP since the results from LP and QP were similar), as shown in Table 3. The SFA results show that firms in Japan have the highest TE (89.05%), followed by firms in South Korea (85.09%), China (80.97%), and the US (72.10%). This indicates that the distance between the frontier and the firms within a country increases in the following order: Japan, South Korea, China, and the US. However, as mentioned earlier, it is inappropriate to conclude which countries work better based on their TEs since the efficiencies obtained by SFA can only be compared within groups with the same production function. Thus, we compare the efficiencies among the countries based on TGRs and TE*s and find that the TGR results are totally opposite from the TE results; the firms in the US (83.03%) had the highest TGR, followed by Japan (74.41%), South Korea (67.25%), and China (51.54%). Given that a lower TGR means that the frontier production function is farther from the metafrontier production function, this result indicates that the efficiency of the ICT firms in these countries increases in the following order: China, South Korea, Japan, and the US.



Table 3. SFA estimates of technical efficiencies and meta-technology ratios.



	
Group

	
Mean

	
St. dev.

	
Minimum

	
Maximum






	
TE




	
S. Korea

	
0.851

	
0.105

	
0.394

	
0.980




	
China

	
0.810

	
0.132

	
0.133

	
0.960




	
US

	
0.721

	
0.189

	
0.001

	
0.965




	
Japan

	
0.891

	
0.069

	
0.451

	
0.965




	
TGR

	
LP

	
QP

	
LP

	
QP

	
LP

	
QP

	
LP

	
QP




	
S. Korea

	
0.673

	
0.631

	
0.011

	
0.008

	
0.654

	
0.619

	
0.686

	
0.686




	
China

	
0.515

	
0.503

	
0.016

	
0.015

	
0.488

	
0.482

	
0.550

	
0.550




	
US

	
0.830

	
0.795

	
0.009

	
0.009

	
0.817

	
0.782

	
0.845

	
0.845




	
Japan

	
0.744

	
0.707

	
0.004

	
0.003

	
0.739

	
0.704

	
0.749

	
0.749




	
TE*

	
LP

	
QP

	
LP

	
QP

	
LP

	
QP

	
LP

	
QP




	
S. Korea

	
0.572

	
0.537

	
0.010

	
0.006

	
0.556

	
0.526

	
0.584

	
0.549




	
China

	
0.417

	
0.408

	
0.013

	
0.012

	
395

	
0.390

	
0.446

	
0.435




	
US

	
0.599

	
0.573

	
0.006

	
0.006

	
0.589

	
0.564

	
0.609

	
0.584




	
Japan

	
0.663

	
0.630

	
0.003

	
0.002

	
0.658

	
0.627

	
0.667

	
0.635




	
TE-POOL




	
S. Korea

	
0.298

	
0.113

	
0.023

	
0.958




	
China

	
0.350

	
0.143

	
0.061

	
1.000




	
US

	
0.356

	
0.155

	
0.004

	
1.000




	
Japan

	
0.381

	
0.174

	
0.002

	
0.979










Table 4 shows the Tobit regression results. In the table, the year effect results are omitted for simplicity. The coefficient of [image: there is no content] is negative and statistically significant. This supports our hypothesis that a better balanced ICT ecosystem makes firms more efficient. Second, the coefficient of [image: there is no content] is positive. This result may imply that a firm’s intangible assets are positively associated with its efficiency. Third, our results reveal that a firm’s efficiency is positively related to total assets and negatively related to the number of employees. These results are intuitive because the labor share has declined [30].


Table 4. Estimation results of the Tobit model.








	
	Coef.
	Std. Err
	t Value





	[image: there is no content]
	0.010 ***
	0.001
	8.260



	[image: there is no content]
	−0.036 ***
	0.001
	−31.800



	[image: there is no content]
	0.016 ***
	0.001
	15.150



	[image: there is no content]
	−1.261 ***
	0.017
	−73.070



	[image: there is no content]
	0.002 ***
	0.001
	6.160







Note: *** indicates statistically significant at the 1% level. The unit of intangibles used for the regression is USD billions.









5. Conclusions


To understand what determines the ICT industry’s performance, we analyzed the efficiency of ICT firms in four countries (US, China, South Korea, and Japan) with different industrial characteristics. We performed metafrontier analysis, which allows for the comparison of efficiencies among different groups with different production functions, and then Tobit regression, to identify what caused the efficiency gaps.



The key findings are as follows. First, the MFA result shows that the US has the highest TGR with 83.03% (i.e., highest efficiency), followed by Japan (74.41%), South Korea (7.25%), and China (51.54%). Second, the Tobit regression results reveal that when a country’s ICT ecosystem is more balanced across sub-industries—content, software, telecommunications, and manufacturing—firms in the country have a higher TGR.



Our results highlight the importance of achieving a balanced industrial development to enhancing the overall competitiveness of the ICT industry. As the era of the Internet of Things (IoT) emerges, in which everything is digitally connected, it is expected that the ICT ecosystem will expand and interdependencies among the players in the ecosystem will increase. In order to better exploit ICT in all areas, policy makers should understand their ICT ecosystem and use a holistic view when strengthening it. In particular, although the four countries have established ICT policies for complementing the weaknesses of their ICT industries. For example, the Japanese government has the “Smart Japan ICT” policy that includes an overseas expansion strategy and the utilization of ICT in non-ICT industries; The Chinese government supports the ICT industry through the “Internet Plus strategy”, which promotes convergence on the Internet, as well as the “Made in China 2025” program for boosting ICT manufacturing; the South Korean government tries to strengthen the competitiveness of SW platforms through the “K-ICT Strategy”; and the US government has focused on providing better environment for fostering the ICT industry and start-ups. These governments should put more effort into promoting collaborations across different layers of their ICT ecosystems and create opportunities for innovative start-ups. Deregulation and providing a more entrepreneurial environment are also crucial to building an innovative and competitive ICT ecosystem. Our study may be limited in that the data of small-sized firms, which the ThomsonONE database [7] does not cover, is excluded, and in that we measured the structure of the ICT ecosystems using distributions of the number of firms. However, since our data covers 2709 firms in the major countries that affect the global ICT industry, we believe that our results still provide meaningful implications that policy-makers need to consider.
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