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Abstract:



Recently, due to the development of social media, multimedia, and the Internet of Things (IoT), various types of data have increased. As the existing data analytics tools cannot cover this huge volume of data, big data analytics becomes one of the emerging technologies for business today. Considering that big data analytics is an up-to-date term, in the present study, we investigated the impact of implementing big data analytics in the short-term perspective. We used an event study methodology to investigate the changes in stock price caused by announcements on big data analytics solution investment. A total of 54 investment announcements of firms publicly traded in NASDAQ and NYSE from 2010 to 2015 were collected. Our results empirically demonstrate that announcement of firms’ investment on big data solution leads to positive stock market reactions. In addition, we also found that investments on small vendors’ solution with industry-oriented functions tend to result in higher abnormal returns than those on big vendors’ solution with general functions. Finally, our results also suggest that stock market investors highly evaluate big data analytics investments of big firms as compared to those of small firms.
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1. Introduction


Recently, due to the advent of social media, multimedia, and the Internet of Things, the total volume of data has tremendously increased [1]. Data have extended their territory over all parts of industries [2] and are considered a key factor of establishing productive processes, alongside capital and labor. Furthermore, as unstructured data have increased, the existing data analytics tools cannot effectively cover those unstructured data. With these environmental changes, big data analytics becomes one of the emerging technologies for business today [3]. Firms are considering implementation of big data analytics solutions, since more sizable and detailed data have become available [4]. Due to data analytics solutions, business organizations are capable of having a deep insight [5] so that they could enhance their performance with better managerial decision making. Furthermore, manufacturers can increase forecasting accuracy with big data analytics, minimizing their inventory cost [6]. Big data analytics and related service markets growth is projected to be at the compound annual growth rate (CAGR) of 23.1% from 2014 through 2019, with annual spending up to $48.6 billion in 2019 [7]. However, there are a number of companies hesitating to implement big data analytics solutions, because the utility of big data analytics implementation remains ambiguous. According to TCS’s survey, a quarter of the respondents said it was difficult for them to anticipate whether the implementation of big data analysis would be effective [8].



Based on previous studies demonstrating the positive impact of information systems implementations [9,10,11] on firms’ financial performance [12,13,14], the present study tries to uncover the economic benefits of big data analytics solutions by using stock market reactions. Specifically, we measure the value of big data analytics solution investment based on the following assumption: when a firm has an event which could affect its market value, stock price of firms will show abnormal returns because all information affects the market value of firms [15,16]. Our study empirically estimates a market value of a firm after announcing an investment in big data analytics solutions. The following research questions are addressed:

	
Do announcements about big data technology implementation increase firms’ market value?



	
What business condition can influence the size of abnormal returns on stock market prices?








To answer these research questions, we gathered the announcements of firms relating big data technology whose stocks are publicly traded in NASDAQ and NYSE. A total of 54 announcements from 2010 to 2015 were collected. Based on our analysis results, we found a substantial support to the prediction that firms’ investment on big data solution lead to positive stock market reactions.




2. Literature Review


“Big data” is a term referring to both structured and unstructured data with massive volume. The most widely accepted definition of big data was suggested by Gartner which defines the term “Big data” as follows: “Big data is high-volume, high-velocity and/or high-variety information assets that demand cost-effective, innovative forms of information processing that enable enhanced insight, decision making, and process automation” [17]. In addition, a bunch of “high velocity information” is another characteristic of big data [17]. When organizations manage big data, they must focus on volume, variety, and velocity of information (sometimes, complexity is considered to be another important feature of big data) [18,19]. Specifically, the volume of data is a critical issue for business, because a huge amount of data is difficult to store and analyze [18,19]. Big data have been far beyond the ability of the exiting database system to store, manage and analyze meaning that the concept of data has been moving towards to an entirely different level of dimensions [20]. Big data analytics can be understood as the advent of new technologies that enable capturing, analyzing, and discovering hidden but crucial information neglected before [7]. Chen and co-authors also defined big data analytics as “analytical techniques in applications that are so large (from terabytes to exabytes) and complex (from sensor to social media data) that they require advanced and unique data storage, management, analysis, and visualization technologies” [21] (p. 1166). Organizational leaders want to implement big data analytics, expecting to achieve competitive differentiation and effective use of data they possess [22].



As big data analytics is a one of the emerging information systems today, by implementing big data analytics, organizations expect to achieve excellence and more productiveness in their business [19]. Therefore, in the present study, we have examined previous literature on an implementation of information systems and its effectiveness (also see Table 1) [23,24,25]. Hayes et al. (2000) and Ranganathan and Samarah (2001) [26,27] estimated how stock market price is fluctuated with announcements of enterprise resource planning implementation. Furthermore, Hendricks et al. [14] examined stock market reactions to enterprise resource planning systems implementations, supply chain management implementations, and customer relationship management implementations, respectively. This study strongly highlighted that, when early adopters employed the supply chain management systems, profitability was escalated significantly. Compared with supply chain management system investment announcements which had as a consequence significant raises in stock returns and profitability, implement of customer relationship management systems did not report a significant impact on either stock price or profitability. In addition, Hunton et al. [12] used four measures of firms’ performance: return on asset, return on sales, asset turnover, and return on investment. They investigated the vertical impact of enterprise resource planning systems adoption on performance of each firms and found that return on asset, asset turnover and return on investment were by far outperformed for adopters, as compared to non-adopters [12]. Furthermore, Hayes et al. (2001) found significant positive effects in enterprise resource planning systems outsourcing announcements, by measuring stock market value [26]. The purpose of this research is to investigate economic benefits of a firm’s big data technologies implementation based on a firm’s stock market value. Since there is no sufficient evidence showing the actual financial value of big data analytics systems implementations, this study can suggest a significant empirical contribution to the body of knowledge on information systems adoption and its economic value.



Table 1. Prior studies examining implementation of IS and its effectiveness.







	
Reference

	
IS Implementation

	
Methodology

	
Variable

	
Key Findings






	
Hayes et al. (2000) [26]

Period: 1990–1997

	
Information system outsourcing

	
Event study methodology

	

	-

	
Firm size (small/ large)




	-

	
Industry (service/ non service)







	

	-

	
Significant positive abnormal return 0.124.




	-

	
Significant bigger returns for small firms (Standardized abnormal returns 12.840).










	
Hayes et al. (2001) [28]

Period: 1990–1998

	
Enterprise resource planning (ERP) implementation

	
Event study methodology

	

	-

	
Firm size and financial health (small/healthy; large/healthy; large/unhealthy; small /unhealthy)




	-

	
Vendor size (large/small)







	

	-

	
Significant positive abnormal return for Day 0 (0.102) and Day +1 (0.170).




	-

	
Significant bigger returns for small /healthy firms than small and unhealthy firms (Standardized cumulative abnormal returns 0.552).




	-

	
Significant bigger returns for large vendors (Standardized cumulative abnormal returns 16.389).










	
Poon and Wagner (2001) [24]

	
Executive information systems

	
Personal interviews with several key personnel

	

	-

	
Committed and informed executive sponsor




	-

	
Operating sponsor




	-

	
Appropriate information systems staff




	-

	
Appropriate technology




	-

	
Management of data




	-

	
Clear link to business objectives




	-

	
Management of organizational resistance




	-

	
Management of system evolution and spread




	-

	
Evolutionary development methodology




	-

	
Carefully defined information and system requirements







	

	-

	
Successful organizations managed all critical success factors properly.




	-

	
Failed organizations managed all critical success factors poorly.










	
Hong and Kim (2002) [23]

	
Enterprise resource planning (ERP) implementation

	

	-

	
Survey




	-

	
Regression analysis







	

	-

	
Organizational fit




	-

	
Enterprise resource planning adaptation level




	-

	
Process adaptation level




	-

	
Organizational resistance







	

	-

	
Enterprise resource planning systems implementation success is significantly related to organizational fit.




	-

	
Enterprise resource planning adaptation level and process adaptation has moderating effects on enterprise resource planning implementation success.










	
Hunton et al. (2003) [12]

Period: 1990–1998

	
Enterprise resource planning (ERP) implementation

	

	-

	
Testing differences between pre- and post-adoption with measures of firms’ performance:




	-

	
Return on assets, return on investment, asset turnover, and return on sales







	

	-

	
Financial health(healthy/unhealthy)




	-

	
Firm size(small/large)







	

	-

	
Enterprise resource planning (ERP) adopters had significantly higher return on assets, return on investment, and asset turnover.




	-

	
Firm size positively affected to the firms’ performance.




	-

	
Firm health significantly and positively affected performance.










	
Ravichandran and Lertwongsatien(2005) [25]

	
Implementation of information technology

	
Partial least squares (PLS) with objective performance data (Return on assets and return on sales, sales growth)

	

	-

	
Information systems resource




	-

	
Information systems capabilities




	-

	
Information technology support







	

	-

	
Firm performance is influenced by information technology which enhances a firm’s core competency.




	-

	
An organization’s ability to utilize IT to support its competency is de-pendent on information systems functional capabilities.




	-

	
Information systems capability is dependent on human, technology, and relationship resources.










	
Hendricks et al. (2007) [14]

Period: 1991–1999

	
Enterprise resource planning (ERP), supply Chain management, customer(SCM) relationship management systems(CRM)

	

	-

	
Testing for differences between pre- and post-adoption with our measures of firms’ performance: Return on assets and return on sales




	-

	
Testing long term stock price performance







	

	-

	
Investment in enterprise resource planning




	-

	
Investment in supply chain management




	-

	
Investment in customer relationship management systems







	

	-

	
Enterprise resource planning systems: improvements in profitability (1.03% in return on assets).




	-

	
Supply chain management systems: improvements in profitability (1.78% in return on assets and 1.44% in return on sales).

















3. Theoretical Background and Research Propositions


According to the efficient-market hypothesis, a stock price reflects all events and information [15]. For example, if a firm invests in big data analytics solutions, the value of investment is reflected in firm’s stock market price. The methodology is often used to measure the value of an event in a stock market. The event methodology is also used to measure an impact of an event on a firm’s market value [29], e.g., information system related events [16]. There are several studies examining a market value of information system investments [28,29,30,31].



Based on the efficient market hypothesis, this study deploys the event methodology to measure abnormal returns on the stock price taking firms’ big data analytics investments into account. Investment in big data analytics will cause in positive abnormal returns on the stock price, because investors positively evaluate the adoption of big data analytics bringing benefits to firms. By adopting big data analytics, firms can analyze various forms of data, including unstructured data [32]. Big data analytics systems are based on clustered computers with parallel processing power [33], so that a huge amount of data can quickly be processed. Companies adopting big data analysis solutions can expect improved operational efficiency through smart decision makings based on deeper insights into and better understanding of their business environment, as well as into their customers. In addition, they can experience cost reductions with regard to operation and inventory management after adopting the solutions [32]. In the present study, we assume that market investors expect performance improvement by big data adoptions. Positive reactions from investors towards a big data adoption lead to positive abnormal returns on the stock price of firms. Therefore, we posit the following proposition:



Proposition 1 (P1).

An announcement of a big data analytics solution investment results in positive abnormal returns of firms.





We categorized the firms into two distinct groups: tech firms and non-tech firms. Hardware, software, and electronic device manufacturers, information and communications technology (ICT) service firms, information technology consulting firms, and e-commerce firms [34] were categorized as tech firms. These firms need a high information technology (IT) capability to carry their business activities. Firm’s IT capability is an ability to allocate IT-based resources [35] composed of three capabilities: human IT resources, physical IT infrastructure, and intangible IT-enabled resources (p. 178, [35]). Intangible IT enabled resources include resources such as corporate culture, know-how, and environmental orientations. According to [35], knowledge assets are one of the intangible IT-enabled resources including skills and experiences of employees, processes, policies, and information repositories. Compared to non-tech firms, many tech firms are supposed to have high intangible IT-enabled resources [35], so that their employees have comparative skills in and experiences with regard to IT-technology. High intangible IT-enabled resources help employees’ knowledge and information to be shared across functional units [35]. Firms with high information capability achieve success in information technology adoption and use [36]. Therefore, firms with high IT-enabled resources could easily accept and share knowledge on big data analytics. According to an IBM survey, one of the biggest obstacles in adopting big data analytics solutions is the lack of understanding on the big data analytics technology [32]. When firms implement big data analytics solutions, tech firms easily adopt analytic skills and insight through active knowledge sharing. With these reasons in mind, tech firms have a better approach to using big data analytics solutions. Therefore, we argue that market investors evaluate abnormal returns higher for tech firms’ than non-tech firms’ when investing in big data solution adoptions. Hence, we posit the following preposition:



Proposition 2 (P2).

The amount of abnormal return is greater in tech firm than in non-tech firms.





Previous literature indicates that adopting information systems results in a better performance for firms in the manufacturing industry, as compared to those in the service industry. When firms adopt enterprise resource planning systems, firms in manufacturing industry show higher abnormal returns in stock market [28,30,31]. As an extension to previous study results, this study also expects that implementing big data analytics solutions can enhance firms’ performance in the manufacturing industry. By adopting big data analytics, performance checks for machinery and equipment can be automatically done with the self-learning knowledge base [37]. Demands forecasting accuracy can be improved. In addition, production cost and inventory management cost can also be saved through big data analytics implementation for manufacturing processes [32]. By contrast, when service firms adopt big data analytics, they mainly focus on enhancing customer-oriented services [32]. According to previous studies, customer relationship management systems adoptions for service firms do not significantly change either the market price of firms or their performance [38,39]. Although, in order to increase customer satisfaction, firms in the service industry make investments in big data analytic solutions, investors may still have doubt that investments on big data analytics solutions will not directly lead to improving firms’ performances. In this study, we propose that firms in the manufacturing industry acquire more positive market reactions from market investors. Therefore, the third preposition we will explore is as follows:



Proposition 3 (P3).

The amount of abnormal return is greater in the manufacturing industry than in the service industry.





Clear strategic goals and objectives are among the most important factors in successfully implementing information systems [40]. To fulfill their strategic goals, firms should bring their business objectives into alignment with the desired features of information systems [11]. Small vendors provide specialized and customized solutions to fit specific industries. Firms can make better decisions with data analysis results focusing on specific business objectives. For instance, small vendors tend to have industry-oriented solutions, such as clinical business analytics (e.g., Medidata), financial fraud management solution (e.g., Hortonworks), and data security intelligence software (e.g., Informatica). Large vendors provide general analytics solutions that can be applied in any industry (e.g., SAS and Oracle). Based on this phenomenon, we propose that market investors more positively evaluate small vendors’ application because those applications can deliver more industry-specific functions that help business achieve industry-oriented goals and objectives. Thus, we assume that small vendors’ products have more positive effects than those of large vendors’ in terms of the amount of the market value when firms announce that they will make investment in a big data analytics solution. Therefore, we formulate the following proposition:



Proposition 4 (P4).

The amount of abnormal return is greater in firms that implemented small vendors’ solutions than those that implemented big vendors’ solutions.





Firm size is often measured by the number of its employees [41] or total revenue. Previous studies recognize firm size as one of factors influencing the size of abnormal returns [28,31]. Big firms usually have sufficient capacity of human resources to operate largely spread business units. Compared to small firms, big firms are producing more business transaction data. Therefore, big firms possess larger transaction log data, compared to small firms. Large size of data is a necessary condition for big data analytics [42]. From this perspective, big firms have an advantage on utilizing big data analytics compared with small firms. When firms implement big data analytics solutions, they also need expert human resources who can understand and use analytics. However, as compared to big firms, small firms have a difficulty of acquiring human resources specialized in data analytics [43]. Hence, market investors expect that big firms can exploit big data analytics solutions better as compared to small firms. Since big firms are in a better position in terms of adapting and using big data analytics solutions, market investors place more value on big firms’ investment than on that of small firms. Therefore, we can formulate the following proposition:



Proposition 5 (P5).

The amount of abnormal return is greater in big firms than in small firms.






4. Method and Sample


4.1. Choosing Methodology


Overall, two main methodologies to measure the economic value of information technology investments are reported in information systems literature [12,14,27,28]. One is measuring return on assets (ROA) of firms or return on investment (ROI) and the other methodology is the event methodology measuring abnormal return on stock price. To measure return on assets or return on investment, pre-announcement performance and post-announcement performance should be compared [12]. Considering that big data analytics is an emerging technology [20], in this study, we adopted the event study methodology which is often used in information systems research [28,30,31]. For example, if Facebook adopts IBM’s big data analytics solutions, we measure the abnormal returns of Facebook in stock market.




4.2. Data


We focused on listed firms in the national association of securities dealers’ automated quotations (NASDAQ) and New York stock exchange (NYSE). Both of stock exchange locations are headquartered in New York City, United States. Announcements of big data analytics solution investments were collected by Capital IQ’s key development screening report function. A 6-year period (from 1 January 2010 to 31 December 2015) was included. We excluded the date or period of particular events which could affect to stock price (e.g., subprime mortgage crisis). We searched announcements by inputting combinations of keywords and vendor names [13]. We used key words such as “big data analytics”, “data analytics”, “business analytics”, “SAP”, “Oracle” together and executed the query. A total of 97 announcements were extracted (see Table 2 for an example). However, announcements from 43 firms were not indexed in the national association of securities dealers’ automated quotations (NASDAQ) or New York stock exchange (NYSE). Therefore, this study only used 54 announcements of big data analytics investments. As big data analytics is a relatively new technology, there are only few pioneer organizations adopting big data analytics. As we wanted to investigate the very first effect of big data analytics investment, we focused on 54 announcements. These announcements had a form of news articles. Stock prices were extracted from the center for research in security price (CRSP) database. As center for research in security price recorded stock price fluctuation every day, the data we collected are non-stationary data.



Table 2. Example of big data analytics solution implementation announcement.







	
Company

	
Text of Announcements






	
The Cheesecake Factory, Inc.

	
IBM (NYSE: IBM) today announced that The Cheesecake Factory Incorporated (NASDAQ: CAKE), with over 175 restaurant locations across the United States and three licensed locations in the Middle East, is using IBM Big Data analytics to help deliver the highest-quality experience to its guests.




	
(NASDAQ: CAKE)




	
26 February 2013




	
Cardinal Health, Inc.

	

	-

	
Hortonworks, a leading contributor to Apache Hadoop, today announced that Cardinal Health, a leading provider of products and services supporting the healthcare industry, has selected to deploy their next generation data architecture based on the Hortonworks Data Platform (HDP). The industry’s only true 100% open source data platform powered by Apache Hadoop, HDP enables Cardinal Health to better serve its customers’ needs for rapid data management, as part of the supply chain management and business intelligence processes.




	-

	
Cardinal Health provides pharmaceuticals and medical products to over 60,000 locations and helps their customers focus on patient care while reducing costs, as well as improving efficiency and overall quality. With the use of big data, Cardinal Health is looking to deploy a next-generation data architecture that improves the speed and analysis of large volumes of structured and unstructured information that further increases the value it delivers to its customers across all business units and enhances its organizational agility.










	
(NYSE: CAH)




	
13 May 2013




	
BlackRock, Inc.

	
Splunk Inc. (NASDAQ: SPLK), provider of the leading software platform for real-time operational intelligence, today announced that BlackRock is significantly expanding its usage of Splunk® Enterprise. BlackRock Technology initially deployed Splunk software in 2012 and saw immediate success. Due to the proven value from the initial deployment, BlackRock recently decided to triple the size of its Splunk Enterprise license to address a broader range of requirements. Leading security teams consider all data to be security-relevant and need a solution that can scale with the exponentially growing volumes of data and perform big data security analytics. The use of Splunk software helps firms create a more effective big data security infrastructure to counter emerging and advanced threats.




	
(NYSE: BLK)




	
5 November 2013




	
Verizon Communications, Inc.

	
Verizon Enterprise Solutions today announced collaboration with Cloudera, a leader in enterprise analytic data management powered by Apache Hadoop, to provide cloud-based big data analytics services to Verizon Cloud clients. Cloudera is the latest in the growing list of enterprise-class services being configured to run on the new Verizon Cloud, providing clients the flexibility to develop their own big data analytics applications based on the Apache Hadoop open source framework.




	
(NYSE: VZ)




	
7 November 2013




	
Joy Global

	
IBM (NYSE: IBM) and Joy Global (NYSE: JOY), a worldwide leader in high-productivity mining solutions, today announced that Joy Global selected IBM Big Data and Analytics technology—including IBM’s advanced predictive analytics software and optimization solutions—to enhance the ability of Joy Global Smart Services to improve mining machine performance, while reducing downtime and costs.




	
(NYSE: JOY)




	
28 October 2014




	
Cisco Systems, Inc.

	

	-

	
Tableau Software (NYSE: DATA), a global leader in rapid-fire, easy-to-use business analytics software, today announced Cisco has deployed Tableau across multiple business divisions in EMEA, in order to drive efficiency and better inform every part of the business, from senior business planning to in-field sales.




	-

	
Cisco is a worldwide leader in IT and prides itself in helping companies to seize business opportunities through connecting the previously unconnected. Looking inwards, Cisco’s business intelligence team recognized that the company needed to better connect the dots and provide useful insight into business data that everyone could use, from field roles through sales managers, directors, and even senior executives.










	
(NASDAQ: CSCO)




	
29 October 2014




	
Cerner Corporation

	
Cloudera, the leader in enterprise analytic data management powered by Apache Hadoop™, today announced that Cerner Corp. (CERN), a long-time leader in the health IT space, is powering its Big Data platform with a Cloudera enterprise data hub to create a holistic understanding of the healthcare system and to improve patient outcomes.




	
(NASDAQ: CERN)




	
12 February 2015




	
Yahoo! Inc.

	
Splunk Inc. (NASDAQ: SPLK), provider of the leading software platform for real-time Operational Intelligence, today announced that Yahoo has implemented Hunk®: Splunk Analytics for Hadoop and NoSQL Data Stores and Splunk® Enterprise. With a Hunk enterprise adoption license, Yahoo employees use Hunk to explore, analyze and visualize data from its Hadoop environment, which stores more than 600 petabytes of data. Yahoo teams are also analyzing more than 150 terabytes of machine data per day in Splunk Enterprise for use cases including IT operations, applications delivery, security, and business analytics.




	
(NASDAQ: YHOO)




	
17 February 2015




	
Harte Hanks, Inc.

	
Harte Hanks (NYSE: HHS), a leader in developing customer relationships, experiences and defining interaction led marketing, and MapR Technologies, Inc.; provider of the top-ranked distribution for Apache™ Hadoop®, today announced Harte Hanks is using the MapR Distribution including Hadoop to evolve Harte Hanks’ big data solutions. By adopting the MapR data platform, Harte Hanks enhances the performance, scalability, and flexibility of its solutions, enabling its clients to more easily and quickly migrate, analyze, and store massive quantities of data.




	
(NYSE: HHS)




	
13 August 2015












5. Measure


5.1 Categorizing the Data


We suggested demographic factors of 54 firms in Table 3. The average revenue of 54 firms was $27,964,710. On average, 54 firms hired 42,646 employees. Firms’ total assets were $ 27,965,000. In 2015, the frequency of announcing big data analytics was 18, which is the highest among six years. Of the 54 firms, 39 firms were classified as service industry and 15 firms as manufacturing industry. Likewise, 36 firms were non-tech firms and 18 firms were information technology firms. Of the 54 firms, 28 firms also adopted big vendors’ big data analytics solutions and 26 firms implemented small vendors’ solutions.



Table 3. Description of 54 firms.







	
(a) Firm Size(Revenue)

	




	
Minimum

	
$70,000




	
Maximum

	
$233,715,000




	
Mean

	
$27,964,710




	
Standard deviation

	
$45,415,917




	
Median

	
$6,538,600




	
(b) Number of Employee

	




	
Minimum

	
81




	
Maximum

	
239,000




	
Mean

	
42,646




	
Standard deviation

	
57,771.57




	
Median

	
18,000




	
(c) Total Assets

	




	
Minimum

	
$117,000




	
Maximum

	
$2,417,121,000




	
Mean

	
$27,965,000




	
Standard deviation

	
$448,202




	
Median

	
$11,462,000




	
(d) Frequency of Year

	




	
2010

	
3




	
2011

	
3




	
2012

	
9




	
2013

	
13




	
2014

	
8




	
2015

	
18




	
(e) Industry

	




	
Service

	
39




	
Non-service

	
15




	
(f) Big Data Analytics Solution Vendors

	




	
Large vendors such as SAP, Oracle, IBM and SAS

	
28




	
Other small vendors

	
26




	
(g) Sector

	




	
Information technology firms

	
18




	
Non-tech firm

	
36










In this study, hardware, software and electronic device manufacturers, ICT service firms, information technology consulting firms, and e-commerce firms were categorized as tech firms, because their business activities are closely related to technology industry [34]. If firms do not belong to the technology industry, they were coded as non-tech firms. To compare stock market reactions of non-tech firms and tech firms, we coded “zero” for tech firms and “one” for non-tech firms.



Industry has been used in several studies as a control variable to investigate the economic value of information system investment [27,28,44]. In this research, we categorized firms into non-service industries and service industries to find out how industry affects abnormal returns in stock price. The service industry was coded as “one” and the non-service industry was coded as “zero”.



We further categorized vendors based on their market share. SAP, Oracle, SAS, and IBM are big vendors. Their market share amounts to 50% of the total market [45,46]. To compare the stock market reactions of the solution vendor size, we coded “zero” for the firms implementing big vendors’ solution and “one” for firms adopting small vendors’ solution.



Median value of total revenue was used to assess firm size. If revenue of a firm is bigger than the median, we categorized it as a big firm and, if it is smaller than the median, we categorized the firm as a small firm. To compare the stock market reactions of big and small firms, we coded “zero” for the big firms and “one” for small firms.




5.2. Computation of Cumulative Abnormal Returns (CAR)


Based on the event methodology, we establish the market model for 54 firms. The market model is suggested as follows (see Equation (1)):


Rit = αi + βi Rmt + εit



(1)




where, Rit is the return for the firm i on Day t, Rmt is the return for the market in Day t, αi and βi are the estimated parameters, and εit is the error term for firm i on Day t.



Furthermore, we conducted a regression analysis for the market model. We used 255 estimation days to find out the αi and βi parameters. To make sure that the announcement would not influence parameters αi and βi, we selected the estimation window from t = −300 to t = −45 [47]. We selected the estimation window to control various factors affecting stock price (e.g., sport event, tragic news, weather-related events) [48,49,50,51]. As MacKinlay [52] confirmed that the event window can be extended to before and after the announcement, we examined (−1,1), (−2,2), (−1,0), and (0,1) windows for this research. For example, (0,1) window means that we examined stock price for two days: the event day (0) and the day after the event day (1).



After running the regression and determining the market model, we found out the difference between Rit and the expected return. We named the difference between Rit and expected return abnormal return (AR). AR was calculated as ARit = Rit − (αi + βiRmt). As specified in Section 3, we used the event methodology to measure abnormal returns on the stock price towards firms’ big data analytics investments. Investment on big data analytics will generate AR on the stock price, because investors positively evaluate adoption of big data analytics. In this context, ARit is the amount of generated abnormal returns by positive evaluation of investors.



We then cumulated abnormal returns (AR) over a specific event window from t1 to t2. We defined cumulative abnormal returns over specific event window as cumulative abnormal returns (CAR). We also computed mean CARs for n stocks as shown in Equation (2).


[image: there is no content]



(2)







Following the study of Im et al. (2001), we computed Z-statistics with standardized abnormal returns and tested the statistical significance on abnormal returns of firms by SPSS 22.0 [31]. In addition to the already existing parametric tests, we carried out a nonparametric analysis and a sign test to improve the robustness of our research findings [52]. The sign test is a nonparametric test. The test compares one pair of measurements by counting the number of positive and negative differences [53]. To validate the statistical significance, we also calculated Z score based on the ratio of the number of positive signs to the number of negative signs.





6. Results


6.1. CARs Results


Table 4 presents the results of testing proposition 1. Figure 1 also presents average AR during the event window. We investigated the CARs and Z-statistics in various event windows. We found significant positive abnormal return in event window (−1,1) and (−2,2). Furthermore, the (−1,1) window shows the biggest positive abnormal return (0.26) with significant Z-test statistics (2.60). We could find a positive abnormal return in the other windows, but only at the 0.1 significance level. In addition, results of nonparametric test support our findings in (−1,1) and (−2,2). The results of the sign test revealed that the number of positive signs is bigger than the number of negative signs in the (−1,1) and (−2,2) windows.


Figure 1. Average abnormal return during the event window (%).
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Table 4. CARs and Z-statistics for big data analytics solution investment.







	
Event Window

	
Parametric Tests

	
Nonparametric Tests




	
Mean CAR (%)

	
Z

	
Positive: Negative Signs of CARs

	
Z






	
(−2,2)

	
0.11

	
2.94 **

	
38:16

	
2.98 **




	
(−1,1)

	
0.26

	
2.60 **

	
36:18

	
2.35 **




	
(−1,0)

	
0.22

	
1.95 *

	
35:19

	
2.20 **




	
(0,1)

	
0.25

	
1.84 *

	
31:23

	
1.02








*: Significant at the 10% level // **: Significant at the 5% level.









6.2. Regression Results


We found out the impact of big data analytics solution variables on CARs. A regression model was used to establish the impact of big data analytics solution variables on CARs (see Equation (3)).


CAR(−1,1) = β0 + β1Sector + β2Industry + β3Size + β4Vendor + ε



(3)







The regression results are summarized in Table 5. We chose the (−1,1) window to run the regression model because it has the biggest positive abnormal return at the 0.05 significance level. CARs are dependent variables in this model. Comparing F-value and R2 value to previous information systems studies utilizing event methodology, this model is significant [44,54]. In event window (−1,1), Chai et al. (2011) reported that F-value was 4.120 and R2 value was 0.184 [54]. Ranganathan et al. (2006) also reported that F-value was 3.199 and R2 value was 0.084 [44].



Table 5. Model: Cumulative abnormal returns (CARs) (−1,1).







	
Variables

	
Coefficient

	
t-Score

	
p-Value






	
Sector of firms

	
0.104

	
0.810

	
NS




	
industry

	
−0.054

	
−0.421

	
NS




	
Firm size(revenue)

	
−0.353

	
−2.738

	
0.009




	
Vendors

	
0.313

	
2.413

	
0.02




	
R2

	
0.203

	




	
Adjusted R2

	
0.138




	
F-value

	
3.123 (significant at 0.023)










We included four independent variables in this regression model: sector of firms, industry, firm size and vendors. We found that only firm size and vendors have a positive relationship with CARs. When big firms announce the implementation of big data analytics solutions, market investors positively evaluate the adoption. When firms adopt small vendors’ solution with clear business objectives and insight, market positively reacts. Sector of firms and industry were not significant in this regression model.





7. Comparison


7.1. Big Vendor vs. Small Vendor


With regard to vendor size, Table 6 presents the CARs and Z-statistics for each category. We also added the results of parametric and nonparametric tests in Table 6. We found out that firms implementing small vendors’ solutions have bigger abnormal returns. The number of small vendors’ positive signs is bigger that the number of negative signs in all event windows. As small vendors tend to have industry-oriented solution, while large vendors provide general analytics solutions supporting any industry, this implies that investors assess that solutions-specialized clients’ business objectives could enhance firms’ performance. This result also implies that market investors consider that solution implementation without clear business objective could not improve firms’ performance. Therefore, before implementing the solutions, decision makers of firms should be sure about objectives of adoption and choose the solutions corresponding to firms’ business objectives.



Table 6. CARs and Z-statistics: big vendor vs. small vendor.







	
Event Window * Sig. at 0.10. **Sig. at 0.05

	
Parametric Tests

	
Nonparametric Tests




	
Mean CAR (%)

	
Z

	
Positive: Negative Signs of CARs

	
Z






	
Big vendor (n = 22)




	
(−2,2)

	
0.28

	
1.88 *

	
14:8

	
1.31




	
(−1,1)

	
0.13

	
0.83

	
13:9

	
0.84




	
(−1,0)

	
0.09

	
0.68

	
13:9

	
0.84




	
(0,1)

	
0.10

	
0.41

	
10:12

	
0.38




	
Small vendor (n = 32)




	
(−2,2)

	
0.72

	
2.20 **

	
23:9

	
2.48 **




	
(−1,1)

	
1.24

	
2.68 **

	
23:9

	
2.48 **




	
(−1,0)

	
0.74

	
2.28 **

	
23:9

	
2.48 **




	
(0,1)

	
0.72

	
1.79 *

	
20:12

	
1.41








*: Significant at the 10% level // **: Significant at the 5% level.









7.2. Big Firm vs. Small Firms


With regard to firm size, Table 7 shows the CARs and Z statistics results for each category. We also performed parametric and nonparametric tests. The results suggest that big firms have bigger CARs. The number of big firms’ positive signs is bigger than the number of negative signs in all event windows. This result implies that market investors evaluate that big firms have a better condition for using big data analytics solutions. By contrast, investors assess that small firms, compare to big firms, could not effectively use the solutions.



Table 7. CARs and Z-statistics: big firm vs. small firm.







	
Event Window * Sig. at 0.10. **Sig. at 0.05

	
Parametric Tests

	
Nonparametric Tests




	
Mean CAR (%)

	
Z

	
Positive: Negative Signs of CARs

	
Z






	
Big firms (n = 28)

	

	

	

	




	
(−2,2)

	
0.81

	
2.74 **

	
21:7

	
2.64 **




	
(−1,1)

	
1.37

	
2.82 **

	
19:9

	
1.90 *




	
(−1,0)

	
0.79

	
1.70

	
20:8

	
2.22 **




	
(0,1)

	
0.71

	
2.08 **

	
17:11

	
1.16




	
Small firms (n = 26)

	

	

	

	




	
(−2,2)

	
0.28

	
1.39

	
17:9

	
1.52




	
(−1,1)

	
0.16

	
0.83

	
17:9

	
1.52




	
(−1,0)

	
0.06

	
1.05

	
15:11

	
0.71




	
(0,1)

	
0.26

	
0.49

	
14:12

	
0.31








*: Significant at the 10% level // **: Significant at the 5% level.










8. Conclusions and Discussion


Big data analytics solutions are considered to be an emerging technology that can help organizations to improve their performance. However, in allocating resources, firms need to make an investment decision on the big data analytics solutions with recognizing economic value of big data analytics solutions. The present research proposes that investors in stock market positively consider investments on big data analytics. This research attempts to investigate an impact of firms’ market value towards investment announcements of big data solution by measuring abnormal returns of stock price. It also tries to identify business conditions that can affect the size of abnormal returns on the stock price, such as sector of firms, industry, vendor, and firm size. This study provides empirical evidence that firms’ investment on big data analytics solutions leads to positive abnormal returns on the stock price. Therefore, our results provide managerial insights that managers need to consider implementing big data analytic solutions, since investment decisions lead to the increase of the firm’s market value reflected in firm’s stock market price. For managers, investment decisions in information systems are always critical, leading to the following question: “Does big data solution investments lead to improving firm’s performance?” This research provides managers with empirical evidence in support of positive impacts of big data solution investments on the firm’s market value.



Our research results also support the prediction that firm size and vendor size make a different impact on the size of abnormal returns in stock market price. As compared to small firms, big firms have higher abnormal returns, reacting to the investments of big data solutions. In dealing with huge data due to their firm size, big firms demonstrate a more proactive approach in using their human resources and insights for employing big data analytics solutions. Therefore, market investors recognize these advantages of big firms’ resource perspective. This result is opposed to result of Im et al. (2001) [31]. Im et al. (2001) founded out that small firms had greater positive abnormal returns caused by IT investment. The contribution our results make to the industry is that big data analytic solutions can be applied into business conditions matching the use of big data with firms’ capacity of human resources with good skills on big data software. Second, vendor size has a different impact on the size of abnormal returns on the stock market price. By providing specialized analytic functions to clients with specific business objectives, client firms can have benefits of maximizing the use of big data solutions. On the other hand, big vendors provide general analytics functions that can be applied in firms in any industry. In contrast, solutions of small vendors are more suitable and effective than those of the big vendors to achieve firms’ business objectives. According to Ranganathan et al. (2006), market investors did not positively evaluate enterprise resource planning systems adoption by leading vendors [44]. Therefore, it is obvious that firms must choose solution of vendors which has a good fit with achieving their business objectives.



Market investors also recognize the different approach of big data solutions, provided by vendors. Our results point to useful implications for managers when they decide to select vendors for big data solutions. When managers decide to make an investment in big data solutions, they need to consider how they will utilize the big data solutions for their firms. If they attempt to use big data solution with the general approach, they can choose a big vendor. If firms attempt to apply a big data solution to industry specific objectives, they need to choose small vendors to meet their needs. Based on the results of the present research, when organizations take into account their capability and objectives in implementing big data analytics, they could select the best solutions for them. By adopting the best solutions and big data analytics, organizations easily achieve competitive advantage and productivity and consequently sustainability in their business.



However, our research results do not support the prediction that CARs are not affected by the sector of firms and industry. The sector of firms and industry of firms did not make a significant difference on measuring abnormal returns on the stock market price towards big data solutions investments. Market investors consider that big data solutions can be effectively applied into firms, regardless of the industry.



For investors in the stock market, this research provides useful insights about firms’ big data analytics investment. When investors want to invest on firms which announce investment in big data analytics, investors should check the firm size and capability to utilize big data analytics. Likewise, investors should also check whether a firm clearly understands the objectives of big data analytics and whether firms choose the best vendors that have a good fit with their business objectives. By considering these conditions, stock market investors could identify firms which properly invested on big data analytics and achieve competitive advantage in their business.



The limitation of our study is the small number of samples. Previous research using the event methodology collected over 80 announcements over a longer time period [16]. As big data analytics is a new and emerging technology with a short period of use [20], this research cannot collect a sufficient number of announcements during the past six years. To overcome this limitation, future research would focus on measuring long-term effects of adopting big data analytics solutions by taking return on asset (ROA) and return on investment (ROI) of firms into account.
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