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ABSTRACT

Nedossekina, Alissa. MS, Purdue University, February, 2009. Evaluating the Effectiveness of a Virtual Economy System Within an Advanced Scientific Cyberinfrastructure.  Major Professor:  Mathias J. Sutton.
The present directed project aimed to evaluate the early impact of a new incentive point reward system at nanoHUB.org on user behavior, while investigating a generic assessment model for a HUB site economy. The system, which was introduced and partially deployed on nanoHUB in the course of the year 2008, was built on common economic principles and served to motivate user contributions and feedback, thereby helping promote community growth and sustainability. The study analyzed site usage data for equal time periods before and after the introduction of the first several components of the system using. Two different approaches were used. One approach applied statistical tests to determine whether the new system helped establish or increase a positive correlation between individual usage and contribution levels across the user population. The second, simplified, approach examined the ratios of contributions per users in different user categories. Both approaches indicated some positive impact of the system, and both may be used repeatedly to help in future development of the system.
CHAPTER 1. INTRODUCTION

The nanoHUB.org is a website operated by the NSF-funded Network Computational Nanotechnology (NCN) at Purdue University, serving a community of over 77,000 users worldwide in the area of nanotechnology research and education. The advanced grid-enabled cyberinfrastructure developed by the NCN is currently being adopted by Purdue to launch science gateways, also known as hubs, in new research areas, such as medical science, cancer research, climate modeling etc. The nanoHUB hosts over 1300 resources, including simulation tools, online presentations, tutorials, seminars, etc., submitted by more than 550 contributors around the world. The contribution process is facilitated through a straightforward self-serve technology solution. Other than resources, users can also contribute resource reviews and post questions and answers in the Answers forum. 

Building and sustaining an efficient and reliable scientific cyberinfrastructure requires significant and well-structured resource allocation, considerable long-term investment, as well as a serious effort of the community of users in contributing quality content and feedback. To encourage user contributions, a new incentive point system was introduced and partially deployed on the nanoHUB website in the course of the year 2008.  The system is economy-driven, as it attempts to efficiently allocate site resources and maximize user output in the form of community contributions by creating demand for high-end services.

Users can currently earn points by asking and answering questions in the Answers forum. They can spend points on merchandise in the nanoHUB store, or by asking questions in the forum and assigning a point reward for best answer. New ways to earn points and to spend them on the site are planned for near future deployment. There is a promise that users will be able buy with points extra simulation sessions or faster computing cycles. In the longer run, the point system is expected to evolve into a full-scale price-directed resource allocation structure, in which users will have a choice to pay either virtual points or real money for better computing services.

The conducted literature review revealed that while there exist a number of operating grid computing economy projects (Buyya, Stockinger‡, Giddy, & Abramson, 2001), and while a number of well-established cyber communities utilize economy-driven incentive systems (Lehtiniemi, 2008), there appears to be no good example of a successful scientific cyber community, which has the reach, characteristics and goals comparable with those of nanoHUB, and which has a similar economy system in place. Likewise, the study of literature demonstrated the lack of research in assessment models for a virtual economy. The present study looked into establishing one such model specific to the nanoHUB environment and applicable to other hubs. The evaluation approach considered the impact of the nanoHUB economy system on related user activity.

CHAPTER 2. PROJECT REPORT

2.1. Problem Statement

A virtual economy system was conceived as an incentive program to encourage community contributions and optimize management of computing resources on nanoHUB.org. During the course of the year 2008 some initial efforts were undertaken on the nanoHUB website to establish this economy-based incentive mechanism for community participation, with a few ways for users to earn and spend virtual points. It was, however, uncertain whether the new system was bringing the desired impact on the user community. Detailed usage analysis was required to assess the initial development efforts, propose necessary adjustments, and to determine directions for future system expansion on the site. Ongoing evaluation was considered as essential for continuous improvement of the system. The undertaken research addressed these tasks by examining relevant usage data and outlining an evaluation model for a HUB site economy.

2.2. Significance of the Problem

Assessment is a critical step in any design process, since it determines success in reaching objectives and indicates areas for improvement. Comprehensive knowledge of early impact of the nanoHUB virtual economy system on site user population was important to suggest necessary adjustments and to assist in planning of future components of the system. It was also important to establish a generic evaluation model for a virtual economy on nanoHUB.org and other scientific getaways based on the HUB technology. Such a model was needed to facilitate repeated assessment of the system performance and guarantee its constant improvement. Improved performance of the incentive program ought to result in increased community spirit and involvement. Loyal community will ultimately contribute to the sustainability of nanoHUB and other HUB projects, which is critical to faster dissemination and overall success of the HUB technology.
2.3. Purpose of the Project
The main research question this study aimed to answer was whether the nanoHUB virtual economy system had impact on related user activity and was effective in motivating users to contribute. This question was approached at two different angles, each providing a set of evaluation procedures complementing the sought generic evaluation model. The first approach aimed to determine whether a positive correlation of significance was found between the individual levels of resource usage and contributions across the population of registered users; and whether this correlation increased with the new system in place. The Spearman Rank correlation factor was determined from available nanoHUB usage statistics for several distinct time periods before and after the new system was introduced. The derived factors for pre and post data were then compared to see whether there was an increase of positive correlation in the post period for different types of contributions and usage and for several groups of users. The increase of positive correlation and its significance was expected to demonstrate general system effectiveness.

The second approach classified all simulation users in the same time periods into four distinct categories, depending on their number of simulation runs per time period; and looked at the change in the ratios of contributions and contributors per users in a specific user category. Such an approach allowed for a robust and unsophisticated analysis of the pre and post situation, while the first approach took advantage of complex statistical tests. Both approaches provided some interesting results to assess the current situation, and may be well used repeatedly to help in future development of the system.

2.4. Definitions

1) Virtual economy: a system of economic activities of users within a virtual community.

2) Cyberinfrastructure: “a comprehensive infrastructure needed to capitalize on dramatic advances in information technology”, integrating “hardware for computing, data and networks, digitally-enabled sensors, observatories and experimental facilities, and an interoperable suite of software and middleware services and tools” (NSF Cyberinfrastructure Council, 2006, p.4).
3) Hub: a specific web-based application of cyberinfrastructure serving a particular science community and delivered via HUB Technology developed at Purdue. Hub sites combine powerful Web 2.0 concepts with a middleware that provides instant access to interactive simulation tools (McLennan, 2008).

4) User: someone who is either: a) registered on the site or b) unregistered, identified by a unique host/IP and had an active session of at least 15 minutes or downloaded a non-interactive resource without logging in (www.nanoHUB.org).

5) Registered user: a user who has an account on the nanoHUB and who logged in.

6) Simulation user: registered user who initiated one or more simulation runs.

7) Site usage is generally classified into simulation usage, i.e. usage of simulation tools, and “and more” usage, i.e. when resources other than simulation tools are used. Simulation usage can be measured by: a) number of simulation runs; b) number of interactive sessions; c) CPU time; d) interaction time. “And more” usage can be measured by: a) number of resource downloads; b) number of resource views; c) length of active session.

8) Active session begins when a visitor with a unique IP is active on the site for at least 15 minutes. The session ends when the IP is inactive for more than 30 minutes, including time spent viewing videos.

9) Contributor: a registered nanoHUB user who owns, authors or co-authors one or more contributions of any type.

10) Contribution: a piece of meaningful content authored and submitted by a registered user on the nanoHUB site. A contribution can be any of the following: a) a resource, such as a simulation tool, download, online presentation etc.; b) a question or an answer in the Answers forum; c) a text review of a resource.

11) Resource: a distinct piece of interactive or downloadable content published on the nanoHUB, such as: simulation tool, online presentation, course, animation, download, learning module, notes, series, publication, teaching material, workshop, etc.

12) Points: internal nanoHUB currency, which can be earned by contributing content and can be spent in the nanoHUB store or the Answers forum.
2.5. Assumptions
There were several assumptions made in the present study. Firstly, it was assumed that nanoHUB users, whose activities on the site were traced and analyzed, acted independently of each other. Secondly, the usage data collected for three-month periods was supposed to represent an average usage for larger periods before and after the economy system introduction. Since any two periods selected for comparison study covered the same consecutive months in the year 2007 and 2008 respectively, any seasonal effects on variation of data were expected to be minimal. Whenever an inference was made regarding non-logged user activity on the site, it was assumed that a unique IP address represented a single user. In the analysis of ratios between contributions and users in a specific user group, the number of simulation runs was expected to represent the general level of simulation usage for a given time period. While the virtual economy system was implemented only for Q&A contributions, the effects of the system on review and resource contributions were assumed to be negligible.
2.6. Delimitations
Delimitations of the study were in the timeframe of data, user type and data collection methods. Collected data included data for periods of three or six consecutive months and only from registered users whose registration/login pattern matched one of the defined user categories [ref definition tabl]. The data analysis investigating ratios of contributions per users in a group was limited to simulation users. Data was drawn from three nanoHUB databases and excluded data from user profiles or server logs. The focus of the study was on a specific impact on usage rather than behavior of individual users or general usage trends. While the members of nanoHUB management and development team were excluded from the studied user lists to the best of the author’s knowledge, there was no distinction made between internal (or NCN-affiliated) and external users. Contribution types were limited to standalone resources, questions and answers, and resource reviews; usage activity data primarily represented simulation tool usage, as only such usage could be reliably tied to a specific user. Non-simulation usage was estimated with an assumption that a single user connected from a unique IP associated with the user.
2.7. Limitations
The study demonstrated a number of limitations. The Answers forum was introduced only several months before the start of pre periods, and therefore there might have not been sufficient time for the forum to be fully adopted by the user community. Thus, the questions and answers contribution data for the pre periods may appear unrepresentative. The choice of data mining methods employed by the study was limited by permitted data accessibility and existing technology solutions. 
2.8. Literature Review in Virtual Economy Models for Cyber Communities
2.8.1. Introduction

The past several years have seen a rapid development of high-performance grid computing technologies, which enable coordinated sharing of pervasively accessible, geographically distributed hardware, software, and information resources. Computational grids form the basis of numerous evolving cyberinfrastructures in science and industry alike. Many of those use economic mechanisms to distribute computing resources. At the same time, as social networking is becoming a widespread trend, a growing number of online communities experiment with various incentive systems to accelerate members’ involvement.

To help formulate benchmarks for evaluating the economy system on the nanoHUB and to frame the problem in a larger context, the literature review primarily investigated various economic mechanisms and principles that are commonly applied in a similar cyber environment. Specifically, an example of an effective economy-driven incentive system was sought for a large-scale grid-based scientific cyberinfrastructure project similar to the nanoHUB. A separate section of the review will be devoted to web mining as a methodology of this study.

2.8.2. Methods

While there exists a vast and rapidly growing body of research on economic principles of management of grid resources and virtual economy, the specific interest of the review was in publications that looked at the problem of economy-driven resource allocation and cyber economy schemes at a non-profit angle: from the perspective of system optimization rather than simple financial gain. Another interest was in articles on grid computing economy and incentive systems in the context of building a cyber-community. The review also investigated whether a comprehensive and readily applicable assessment model for a site economy was available, and what data mining methods and techniques would be appropriate for current research project. Consequently, the common search terms included: economy-based grid computing, virtual economy, online incentive system, data mining for evaluation, etc. The Purdue library was the main source of literature. It is also worth noting that, since the research area of interest is relatively new and innovative, this review includes a large proportion of conference proceedings and special technology committee reports.
2.8.3. Literature Review

Economy-based approach to grid resource allocation. In the past few years, grid technology has seen robust development and wide adoption not only in academic and industry research environments, but also in business-oriented applications, as more and more commercial companies realize the power and value of grid computing (IBM Corporation, 2006; Schikuta et al., 2005). In the light of high adoption speed and considering the large scale of grid systems, resource allocation is commonly accepted as a complex problem in deployment and management of modern computational grids (Abramson, Buyya, Giddy, 2002; Buyya, Stockinger‡, Giddy & Abramson, 2001; Gomoluch & Schroeder, 2004; Li & Li, 2004; Lin & Lin, 2006). The resource allocation problem is usually interpreted either from a purely business angle, when the main concern is profit maximization; or in the context of general system optimization, concerned about maximization of service quality and social welfare of a grid-based infrastructure. While business oriented grid technology is still a fairly new research area and profitability of grid is yet to be explored (IBM, 2006; Schikuta et al., 2005), optimization, both supply-side and demand-side, is inarguably one of the key requirements of successful grid services architecture (Global Grid Forum, 2005). 
To Lin and Lin (2006), who built their study on previous research on the subject of effective grid resource allocation, the ultimate solution to quality-of-service problem in both business and optimization contexts outlined above appeared to be in introduction of a service pricing system in grid computing networks. Lin and Lin discovered that pure engineering approaches were often insufficient; an incentive compatible mechanism was required in turn. Similarly, Buyya et al. (2001) dismissed traditional approaches in resource management as inapplicable to grid computing due to the complexity of its environment, and proposed an economics based paradigm for resource allocation. According to Buyya et al., economic principles in resource management facilitated the realization of goals for both service providers and consumers by providing measurable quality of service to the end user and incentives for owners to contribute resources, which, in turn, encouraged community building (Fueller, Bartl, Ernst & Muehlbacher, 2006). On a similar note, Li and Li (2004) marked scalability as an important advantage of a market-based approach, as “new resources and new resource users can be added simply by establishing the ability to receive or give currency” (p.1041), - another notable factor facilitating online community growth.

Grid economy models. The most common approach among researchers in deriving an economy model for computing services is to adopt the principles of a real-life marketplace (Buyya et. al., 2001; Rappa, 2004). It therefore becomes necessary to identify service producers and consumers in this non-conventional market environment. In the framework proposed by Buyya et al. (2001), Grid Service Providers (GSPs) acquired the role of producers, while Grid Resource Brokers (GRBs) represented consumers. In this competitive broker-based economy system, like in a real world, “resource consumers adopt the strategy of solving their problems at low cost within a required timeframe and resource providers adopt the strategy of obtaining best possible return on their investment” (p.3). 

Buyya et al. (2000; 2001) gave a comprehensive overview of real-life economic models (e.g. commodity market, posted price, tenders and auctions) that can be used to determine pricing structures and producer-consumer interactions in a grid marketplace. The use of these models was demonstrated in scheduling computations using the Nimrod-G resource broker toolkit, and some positive signs of the effectiveness of economics paradigm for management of resources were shown as a result. A notable asset of Buyya’s framework is its focus on user community and user influence on the pricing of resources, which illustrates the dynamic nature of their model in a competitive market environment.


Driven by the same objective of resource management system optimization, but seeking a solution for intranet environment instead, Gupta, Stahl & Whinston (1998) proposed a useful paradigm and organizational design for a service pricing structure, which provides differential data handling by using priority classes. As a result of a simulation-based study, the dynamic priority pricing approach proved to be significantly beneficial to both end-users and system operations as compared to free access or a flat pricing approach. 


Li and Li (2004) made a similar conclusion as a result of an experiment involving performance comparison of a price-directed resource allocation algorithm with a conventional no-pricing allocation algorithm called Round-Robin in a grid test setting. The price-directed allocation demonstrated a better performance (p.1053).


Taking the path paved by Buyya et al. (2001), Abramson et al. (2002) and Gupta et al. (1998), Lin and Lin (2006) examined the optimal service priority selection problem for users of grid computing services and proposed a cost-effective critical path approach as a heuristic solution for resource allocation. Unlike previous research, where network resource pricing was tackled mainly from service provider's perspective, Lin and Lin’s work focused solely on the user side. The main question addressed was how to minimize service cost for a grid user by optimizing service priority selection at each server, while offering different service levels at different prices. The authors introduced and described a complex computational algorithm for pricing services in the grid, which can also be generalized and adapted in a very different setting, like supply chain management. Lin and Lin’s work provides a good starting point for further research on the proposed prioritized critical path method.

The work by Rappa (2004) gave a new and interesting slant on the grid economy problem, moving computing services to the level of a utility. Rappa provided an excellent review of existing general e-business models and classified them into nine categories based on characteristics of service provider-consumer relationship: brokerage, advertising, affiliate, community, subscription etc.  The utility business model then becomes the main research focus, and grid computing assumes an important role in its evolution by presenting service providers with “capacity planning issues similar to those faced by public utilities”, which, in turn, will require modifications of usage patterns and consequent adoption of metered usage as an incentive (p.40). Such thinking falls in line with ideas expressed by Buyya et al. (2001) and Lin et al.(2006) – techniques applied to resource management are important drivers of cyber-community development.

Economic mechanisms for cyber-community building. The review of literature revealed that, however new and underexplored the subject of economic leverage of virtual communities is, there exist quite a few interesting research publications on the topic. Some explored economic systems frequently observed in multiplayer online games (Huhh, 2008); others broadly considered integration of social and economic aspects of consumer decisions within the context of cyber communities (Balasubramanian & Mahajan, 2001). Zghaibeh and Harmantzis (2007) discussed economy of a peer-to-peer network, in which resources were distributed among community users and users needed to cooperate to obtain these resources. According to the authors, economical mechanisms in such networks help balance usage and provide incentives for contributions to the community making it sustainable. The publication by Zghaibeh et al. serves as a good foundation for further research on cyber-community economy thriving on user contributions.

Assessment of virtual economy. Assessment is traditionally recognized as a vital step in any quality improvement process, as it allows to determine whether further opportunities or issue need to be addressed. Although there turned out to be extensive research made into assessment models and techniques in different arenas and web environments (e.g. e-learning systems or e-commerce), there appeared to be limited findings on evaluation models for incentive systems in non-profit cyber communities. Balasubramanian et al. (2001) proposed a set of evaluation criteria that could be employed to assess whether a virtual community has conditions to facilitate economic leverage. The criteria include: consistency of economic activity with community goals and spirit, encouraging motivation of buyers to be part of the community, close linkage of economic activity with social interaction, etc. These criteria may help with high-level assessment and benchmarking of a virtual economy system.

Data mining for performance evaluation. There exists a big body of research on data mining, commonly defined as process of non-intrusive discovery and extraction of information from large datasets or databases (Hand, Mannila, & Smyth, 2001; Pahl, 2004). Literature highlights successful use of web mining techniques to analyze customer behavior in e-commerce, improve website structure and personalize user experience (Pal, Talwar, & Mitra, 2002; Pahl, 2004). Likewise, much investigation has been made into using web mining techniques to evaluate effectiveness of e-learning platforms (Pahl, 2004; Zaiane, 2001). The techniques for web and general data mining are quite numerous and rather well documented, with publications like those by Hand et al. (2001) and Pal et al. (2002) serving as great references for various available data mining tools. The general process of approaching a web mining task is also well described in literature. One good example is the SPSS white paper on web mining for business competitiveness (SPSS, 2001). Overall, researchers agree that a specific technique needs to be selected primarily depending on the study objectives and type of available data (Berry & Linoff, 2004; Pahl, 2004). In the case of evaluation, the results are then compared with expectations, which are formulated as part of the analytical model (Pahl, 2004).
2.8.4. Conclusion
The present literature review investigated a number of available economic models that are commonly applied to distribution and management of grid computing resources. An economy-based approach with a service pricing mechanism was generally accepted as highly effective in grid resource allocation, system optimization problem of large-scale grid networks, and sustainability of a grid-based cyberinfrastructure. Another important conclusion derived from this literature study is that economic mechanisms in computing resource management help create a favorable environment for cyber-community building by motivating and facilitating user contributions. Although the findings of the past studies in grid economy models and virtual economies are highly useful in planning of future components of nanoHUB incentive system, the review demonstrated a lack of examples of well-established scientific online communities utilizing a similar system, and lack of research in evaluation models for a virtual economy. The past research on data and web mining proved to be very extensive and highly useful in procedural planning of this project. Specifically, the procedures of this study were guided by the general steps of a web mining project as outlined by the SPSS technical report (SPSS, 2001), and by common data mining process components as described by Pal et al. (2002).
2.9. Procedures

2.9.1. Methods
Web usage mining (WUM) was the methodology selected for this project, concerned with user interactions with nanoHUB.org. As suggested by the literature review, WUM is most helpful in discovering user access patterns and interactions with a website (Pal et al., 2002). Relevant data was drawn from three nanoHUB MySQL databases, namely nanohub database containing user contribution data; stats database storing site access information; and narwhal database with simulation tool activity information. Queries to these databases were performed via a PHP shell script executed from nanoHUB web server. Specific data mining tasks were formulated in advance to narrow down searched information and facilitate data extraction. The collected data was then exported in CSV format into MS Excel software and analyzed statistically in MINITAB program.

2.9.2. Procedural Steps
The project was conducted in several stages. When the research question was formulated, some preliminary data was collected and analyzed with the advice and guidance of Purdue Statistical Consulting Group, which helped select time periods, user groups and appropriate statistical tests for analysis. At this initial stage data collection procedures were established and data mining scripts were written and deployed. The procedures and scripts were then refined to collect data more robustly. Next, the data was expanded to include different time periods and new user groups. The next data analysis stage examined the data using two different approaches – a statistical correlation approach and a high-level analysis approach concerned with the system impact on contribution per user ratios in distinct user categories. The results of the analysis were used to make conclusions and form recommendations. 
2.9.3. Data Collection
User groups. The first step in data collection was to define user groups potentially affected by the system. Since contributing any type of content on nanoHUB requires a user to be registered and logged in, the project looked at data from registered users only who logged in to the website within a specific timeframe. Initially, the time periods of interest were determined as Jul 01 – Sep 30, 2007 (pre A) and Jul 01 – Sep 30, 2008 (post A), and various usage and contribution data was collected for users who logged in at least once in both of these time periods (Repeat users). This cohort group may also be referred to as regular site users. 

The full-scale analysis also included data from Novice users, who registered during the first two months of either pre or post period and logged in at least once in the three-month period and at minimum 24 hours after the registration.

Other three-month periods of interest were Oct 01 – Dec 31, 2007 (pre B) and Oct 01 – Dec 31, 2008 (post B). It was expected that the site was more actively used during the months of Oct – Dec, rather than Jul – Sep, due to a peak of a school semester. Repeat users in these two periods comprised a Repeat B user group, while novice users constituted a Novice B group.

The project also analyzed data for all users who logged in during either Jul 01 – Dec 31, 2007 (pre C) or Jul 01 – Dec 31, 2008 (post C) timeframe. These were not necessarily repeat users and their registration date did not play any role. Naturally, group C included both Repeat and Novice users from A and B timeframes, as well as other uncategorized users. Figure 1 helps visualize user groups and periods of the present study, where circles indicate distinct user groups.

While the project examined data for different user groups, the correlation analysis focused on data from Repeat users in A and B groups, and contribution ratio analysis primarily investigated group C, which provided the largest dataset. 
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Figure 1 - Main user groups and periods of this study.

Individual user data. For each user in the defined groups the following usage and contribution data was collected for pre and/or post periods: 1) contribution count per contribution type (resource / question or answer (Q&A) / review); 2) simulation usage per specific usage criterion, namely a) number of simulation runs, b) number of interactive sessions, c) CPU used, and d) total duration of sessions; 3) “and more” usage coming from a unique IP address or several addresses associated with the user, including a) number of PDF downloads, b) count of web clicks, and c) count of unique learning modules viewed; 4) additional usage indicators for each user, such as overall login time and number of logins. For some items all-time totals were also calculated, although these numbers were omitted from the analysis. Each user was identified with a unique login name and a user id. The lists were filtered to exclude any known user id representing a member of nanoHUB management or development team. The personally identifiable information was then discarded during the analysis stage.
2.9.4. Data Analysis - Statistical Correlation Approach
In this approach, the collected data was analyzed in MINITAB to determine Spearman Rank correlation factor between different indicators of simulation and non-simulation usage and different contribution types. The choice of Spearman Rank correlation test was justified by running graphical summaries of various data (e.g. simulation runs or resource contributions) showing the non-normality of distributions based on results of Anderson-Darling Normality Test. To proceed with the correlation analysis, the data was normalized, transported from Excel into MINITAB and ranked. Then, tests for Pearson correlation were performed on the normalized and ranked data. The simulation usage indicator for each user was an equally weighted sum of individual normalized values for number of simulation runs, number of sessions, amount of CPU and total length of simulation sessions. The individual non-simulation usage level was derived from equally weighted sum of normalized data for unique learning module views, total PDF downloads and web clicks. Scatter plots of data were used to help visualize relationships between variables.

Additionally, paired T-tests were run on various data sets to estimate the significance of difference in pre versus post data. The results of the T-tests were used only as a supplementary guidance. They could not be used for hypothesis testing because of non-normality of data. 

2.9.5. Data Analysis – Contribution per User Ratios 
In addition to statistical correlation analysis, the project also examined contribution per user and contributors per users ratios in pre and post periods for different categories of simulation users in Repeat A, Repeat B and C user groups. This approach provided a convenient high-level analysis of available data to better understand if and to what extent the contribution activity among simulation users increased after the virtual economy system was deployed.

Categories of simulation users. Simulation users in each group were classified into four mutually exclusive and collectively exhaustive categories, depending on the number of simulation runs per period. The four categories were: Minimal, Average, Heavy and Expert. Table 1 provides definitions of each category. The distinction was made based on graphical summaries or data and information about data distribution in MINITAB. 

Table 1 - Definitions of user categories referenced in this study. 
	
	Number of simulation runs (Nr) / 3 months
	Number of simulation runs (Nr) / 6 months
	Explanation

	Total (All) users
	Any
	Any
	Excluding accounts of nanoHUB development and management team

	Non-simulation users
	0
	0
	

	Simulation users
	1 and above
	1 and above
	

	1) Minimal simulation users
	1-2
	1-2
	

	2) Average simulation users
	2 < Nr <= 40
	2 < Nr <= 30
	The upper limit is determined by the averaged start of 3rd Quartile in distribution of simulation runs.

	3) Heavy simulation users
	40 < Nr <= 350 
	30 < Nr <= 450
	Arbitrarily determined from the graphical plots of data

	4) Expert simulation users
	> 350
	> 450
	Arbitrarily determined from the graphical plots of data


Minimal simulation users were those who had 1 or 2 simulation runs per either three- or six-month period. Users in minimal category were highly likely to have launched a simulation tool for trial purposes. Average users, who were expected to have used tools for a concrete research task, were defined as those who had a minimum of 3 runs and a maximum of the 3rd quartile value in the distribution of simulation runs. This value was approximated to a convenient number based on analysis of distribution of simulation runs in all studied user groups, as illustrated in Figure 2.

[image: image2.png]31 qartle values:
.00, 3925, 200,375
Approximated to 400





Figure 2 – Determination of upper boundary of number of simulation runs for average user category based on statistical summaries of data.


Heavy users were those who had above average simulation runs and most likely used tools as part of course assignments and/or for scientific research. Expert users were the heaviest simulation users, who obviously had a concrete research goal. The margin between heavy and expert users was set arbitrarily by looking at the individual value plot of simulation runs, where expert users made the flat right end of distribution tail and included most isolated outliers, as demonstrated in Figure 3. Depending on the length of the time period, the boundary values for average, heavy and expert users varied. Table 2 and Table 3 give category breakdown of users in Repeat A / B and C groups.
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Figure 3 - Dotplot of simulation runs in pre and post periods for group A with a plotted margin line diving expert from heavy users.
Table 2 - Number of users in each category of Repeat A & B user groups.

	
	Repeat A PRE


	Repeat A POST


	Repeat B PRE


	Repeat B POST



	Total users
	430
	473

	Non-simulation users
	116
	132
	124
	134

	Simulation users
	314
	298
	349
	339

	Total simulation users in pre & post
	235
	283

	Minimal simulation users
	61
	65
	65
	69

	Average simulation users
	193
	166
	208
	190

	Heavy simulation users
	54
	57
	65
	72

	Expert simulation users
	6
	10
	11
	8


Table 3 - Number of users in each category of group C.

	
	Group C PRE
	Group C POST

	Total
	4512
	5344

	Simulation Users
	3007
	3579

	Non-Simulation Users
	1505
	1765

	Minimal Simulation Users
	768
	728

	Average Simulation Users
	1512
	1963

	Heavy Simulation Users
	700
	804

	Expert Simulation Users
	27
	31



Ratios and increase factor. After users in each of the studied groups (Repeat A, Repeat B and C) were broken down into the four categories, question and answer contributions were summed up for each category and divided by the number of users in the category to arrive at a ratio value. The ratio of the post period was then divided by the ratio in the pre period, to determine the increase/decrease factor. The results were visualized in Apple Numbers program as bar and line charts.

For group C of users, the same process was repeated to determine ratios and increase factors for number of reviews and resource contributions per user, number of contributors of questions and answers, reviews and resources per users in each category. The ratios of contributors per users were expressed in percentage.

2.10. Results and Findings
2.10.1. Findings from Statistical Correlation Analysis
According to the results of statistical correlation analysis, it appears that for both Repeat A and Repeat B groups, which included 430 and 473 total users respectively, Spearman Rank correlation coefficient between simulation usage level and Q&A contributions increased in the post period by factors of 1.85 (A) and 8.5 (B) for all users in the groups, and by factors of 2.5 (A) and 2 (B) for simulation users in the groups. However, the correlation coefficients in both pre and post periods were statistically insignificant (< 0.3). 

Table 4 - Spearman Rank correlation coefficients for all and simulation only users in groups Repeat A & Repeat B
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As seen from Table 3, summarizing major correlation coefficients for Repeat users, correlation between non-simulation usage and Q&A contributions also increased in both A and B groups as well as their subsets of simulation users. Yet again, the correlation factors were not significant enough to conclude that there was a significant positive change in the post period.  

Correlations have also increased in post period for other types of contributions, namely reviews and resources, although not as consistently as with Q&As, e.g. correlation between simulation usage and resource contributions decreased from 0.123 in pre to 0.060 in post period of A group; correlation between simulation usage and review contributions stayed at the same level of 0.15 in pre and post of B simulation users.
The scatter plot of Q&A contributions versus number of simulation runs in Repeat B group demonstrated that while there was a tendency for a positive relationship between the variables in the post period, the relationship was not evident or significant (Figure 4).
In group C the correlation between Q&A contributions and simulation runs increased from 0.057 in pre to 0.125 in post period. For reviews the change in correlation was from 0.034 to 0.064, and from -0.002 to 0.064 for resource contributions. As is the case with Repeat users, the correlation factors were found to be insignificant.
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Figure 4 – Scatter plots of Q&A contributions versus simulation runs in Repeat B group.
2.10.2. Findings from Contributions per User Ratios Analysis
The analysis showed that there was an increase in the number of Q&A contributions per user in the post time period in all categories of group C users (Figure 5). The maximum (9.6 times) increase was seen for heavy users. For expert and average users the increase was 4.4. and 4.2 times respectively. Ratio values in minimal category below 0.01 were neglected. Expert users have highest ratios of Q&A contributions per user, going from over 0.22 to almost 0.97 in the post period. 
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Figure 5 - Group C simulation users: ratios of Q&A, review and resource contributions per user

There was also an increase in the ratios of review and resource contributions per user in most categories of group C, demonstrating that in general contribution activity was higher in post that in pre period (Figure 5).  Comparison of increase factors for Q&A contributions per user ratios with review and resource contributions per user (Figure 6) showed that the factor was much higher in the case of Q&A contributions of heavy users – 9.6 versus 2.7 for reviews and 2.3 for resources. For average and expert users the increase factors were also significantly greater than those in the case of reviews and somewhat greater in the case of resource contributions.
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Figure 6 - Comparison of increase factors of contribution per user ratios.
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Figure 7 - Comparison of increase factors of contributors per all users within categories.

The analysis of ratios of contributing users per all users within each category demonstrated that, similarly to contributions per user scenario, the most increase of 8.3 was in Q&A among heavy users (Figure 8). The charts of increase factors in both scenarios look very similar, having the peak increase at Q&A in the category of heavy users ( Figure 6 and Figure 7).
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Figure 8 - Group C simulation users: numbers of contributors per users within a category.
2.11. Conclusions and Discussion
The present project aimed to evaluate whether the virtual economy system partially deployed on nanoHUB.org in the course of the year 2008 had impact on user behavior and was effective in motivating users to contribute. The analysis was expected to assist in establishing a generic evaluation model for a HUB site economy. Two approaches were taken in analysis of collected usage data. One examined statistical correlations of usage and contributions at individual user level. The other looked at ratios of contributions and contributors per users in distinct categories of different simulation activity levels. Each approach provided some interesting insight into nanoHUB user behavior, as well as supplied a set of evaluation procedures complementing the sought generic evaluation model.

The contributions/contributors to users ratio analysis showed an increased contribution activity for all types of contributions and all categories of users in the post periods of the study, when the new virtual economy system was in place. However, the biggest increase was seen with Q&A contributions among heavy simulation users. While Q&A and review contributions take a similar effort from user, the increase in Q&A activity in all categories of simulation users was more obvious and impressive than with reviews.  Since the economy system was implemented only in Q&A forum, the effect of increased activity may be attributed to the presence of the incentive mechanism. A conclusion therefore can be made that the virtual economy system had a positive impact on user engagement in contributions. 

The effect of the economy system could also be traced via the statistical correlation analysis, which looked at all users in a group and showed an increase of positive correlation between levels of both simulation and non-simulation usage and Q&A contributions in the post periods. The correlation coefficients, however, appeared to be insignificant. This result is likely caused by the fact that the point system is only partially deployed on the site and not fully adopted by user community. Its effect is therefore saturated, when data from the whole population of registered/simulation users is analyzed. The ratio approach, segmenting users into categories based on level of activity, proved to be more effective in studying the impact of the system at its current deployment stage. The disadvantage of the ratio approach is that it largely arbitrarily defined user categories and therewith brought in some bias into assessment. With the system expanded on nanoHUB, it is expected that the correlation approach will provide a valuable unbiased assessment mechanism for virtual economy. Offering users points for quality reviews may be one good next step for system expansion, which should also supply extra usage data to test the correlation evaluation model. Tying Q&A with resources other than tools only should help increase participation in the forum of non-simulation, minimal and average simulation users. Overall, the conducted assessment has demonstrated some positive signs of virtual economy system working to motivate contributions. It is recommended to repeat the assessment some time after new system components are launched, to both test the approaches and methods and to provide new insight about the economy impact on user behavior.
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