Pre-launch prediction of market performance for short lifecycle products using online community data 

Abstract

Prediction of sales for short life-cycle products can be problematic. Generic predictive models based on past launches may provide only crude historic data which are unsuited for distinctive, innovative products. This paper investigates the role of online communities in providing pre-launch data to predict post-launch sales. We argue that levels of awareness, word-of-mouth, expectations, and adoption intention prevailing within an online community for an upcoming product have an independent direct effect on the product’s future sales. Additionally, we test the complementarity effect of these community variables by introducing a higher order construct called Pre-release Community Buzz, to demonstrate the incremental explanatory power of using pre-launch community variables to predict post-launch sales.  Data for community variables were collected from a movie-based online community, and analysed using Partial Least Squares Structural Equation Modelling (PLS-SEM) We found strong support for both direct and complementarity effects of community variables in predicting a movie’s opening week sales. We also found that community variables mediate the effects of generic predictor variables such as film ratings, star cast, production budget and competition on opening week sales. Tests for robustness demonstrated the value of community variables. Models which included community variables had higher predictive power than those without. Implications for theory and practice are presented.
Keywords: online community, prediction, market performance, short lifecycle products, new product launch.

Pre-launch prediction of market performance for short lifecycle products using online community data 

1. Introduction 

This paper addresses the problem of forecasting sales for short lifecycle products where opportunities for undertaking marketing research pre- and post-launch may be limited by the expected short lifecycle of the product and dynamic market environment in which new competing products can appear very quickly. In such a context, there is a great motivation for firms to obtain early, dynamic, and accurate pre-launch prediction of market demand to guide their product development and market entry processes. While several approaches for forecasting sales have been reported in the literature, many of these are not suitable for short life cycle products (Chung et al., 2012). Therefore, this study contributes to knowledge by developing a methodology to improve prelaunch prediction of market performance, specifically for short lifecycle products.
The use of social media in predicating demand has aroused considerable recent interest.   This is consistent with the conceptual framework of Service Dominant Logic (SDL) which identifies as a firm’s collaborative competence the ability to bring customers and other stakeholders into the process of innovation (Lusch et al., 2007). SDL defines customers as an operant resource (Vargo and Lusch, 2004) and collaborating with them in developing and launching new products can tap into a valuable source of knowledge 
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(Blazevic and Lievens, 2008; Brown and Patterson, 2009)
. It has been suggested that the use of customers as an operant resource can reduce the development time for new products, and this is particularly important for short lifecycle products (Alam, 2002). 

 There is nothing new in the ability of customers and other stakeholders to contribute to firms’ demand forecasting methods, even when customers have only limited information. Since Francis Galton’s often cited experiment to invite members of the public to guess the weight of an ox, researchers have noted that in certain conditions, the “wisdom of crowds’ can approximate to reliable predictions (Greenfield, 2008). This apparent wisdom can be more efficiently and effectively captured in online environments, and in this paper we show how information posted unprompted by members of online communities about a forthcoming new product can be transformed into knowledge to inform and improve firms’ predictions of demand for short lifecycle products. We do not suggest that Galton’s philosophy can replace demand forecasting based on traditional metrics, but community generated data may provide additional and complementary insights 
to improve predictions of market performance. 
We particularly focus on activities that occur before product launch. For short life cycle products, there may be insufficient time to undertake pre-launch test marketing, and the short product life which follows may not allow opportunities for further research and modification before the product’s life is over and it is superseded by newer products. Obtaining data from multiple online opinion formers who discuss pre-launch announcements may provide valuable input to the pre-launch demand forecasting process. 
In summary, the aim of this study is to investigate whether pre-launch activities within online communities can improve predictions of post launch sales for short lifecycle products. We undertake our investigation in the context of movie releases. 
This paper is organized as follows; the following section provides an overview of the existing theoretical perspectives on forecasting demand for innovative, short life cycle products with a specific focus on short lifecycle movies. This is followed by the development of hypotheses on the relationships between pre-release community variables and post-release sales performance. The research methodology then describes a largely quantitative approach, data collection and analysis procedures, followed by the analysis and discussion of the results. The final section provides conclusions, implications and limitations of this study.

2. Theoretical Background

2.1 Forecasting short lifecycle products - general issues
Forecasting demand for highly fashionable, short lifecycle goods and services is problematic.  Past data may be of only limited relevance to the new product (Spann and Skiera, 2003), and models used to predict sales, such as diffusion models based on the sales of analogous products (Bayus, 1993), or simulations and conjoint analysis studies may make false assumptions about comparator bases for evaluation (Green and Srinivasan, 1990). Test marketing can sometimes be used for forecasting demand, however, for short life cycles products, time available for this may be limited and furthermore, competitors may also learn from the exercise (Hair et al., 2008). To exacerbate the problem, short lifecycle products typically  realize the majority of sales in the first few weeks after launch, followed by quickly declining sales (Chung et al., 2012), and since each product is unique and original, no reliable benchmarks can be used to predict sales of specific new products. The short lifecycle allows very little opportunity for post-launch data to be gathered, analysed and to inform revised marketing activities during the remaining time available in the product’s lifecycle.
2.2 Forecasting short lifecycle products – the specific case of movies

Movies are a very good example of a short lifecycle product.  Box office receipts during the first two weeks following release of a movie typically account for 25% of total lifetime revenue (Litman and Ahn, 1998). Predicting box office revenues before release is vital in order to optimize marketing activities, such as the release date, deciding the number of screens for the movie to be shown at, improving awareness through new trailers and advertisements, and negotiating contracts with cinema owners.

The difficulty and uncertainty in predicting a movie’s box office revenues has challenged many researchers and industry experts. Unpredictability of demand and often very high production costs make the launch of new movies very risky. The experiential nature of movie consumption makes it difficult to judge movie quality before it is viewed (Liu, 2006) . Consumers often engage in word of mouth (WOM) to gather more information (Harrison-Walker, 2001) and WOM can in turn influence demand through social norm 
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(Bacile et al., 2014)
.
In spite of such unpredictability, many models have been developed for predicting the financial success of movies (typically measured as total box-office revenues), but only AFTER a movie’s release and not pre-release 


(Chintagunta et al., 2010; Neelamegham and Chintagunta, 1999) ADDIN EN.CITE . As the nearest, easily measured surrogate, researchers have used the first week’s receipts to predict total revenues with high accuracy 
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(Liu, 2006; Sawhney and Eliashberg, 1996)
. 

Predictive models of a movie’s success are typically based on a range of potentially quantifiable variables such as, production budget, advertising, awards, major stars and word of mouth, as predictors 
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(Liu, 2006; Marshall et al., 2013; e.g., Moon et al., 2010; Plucker et al., 2009; Zhu and Zhang, 2010)
. However, these tend to be fairly crude generic models which do not adequately capture experiential aspects of a movie and the momentum given to sales by social approval. To supplement this, there has been increasing interest in the use of online discussions among movie enthusiasts to provide supplementary input to predictions of box office sales. For example, Yong Liu (2006) used online conversations to measure the word-of-mouth effect and found that the volume of word-of-mouth (but not the valence) had significant explanatory power for predicting box office performance. Similarly, Sangkil et al. (2009) showed how post-release online user ratings influenced a movie’s future box office revenues .  However, such research has mostly been conducted post-release, providing little time for marketers to develop new strategies or take corrective measures before the end of a movie’s lifecycle. 
Previous studies which have tried to predict box office sales on the basis of pre-release community data have either relied on qualitative interpretation of comments, or have restricted their analysis to simple intention to buy 


(Chintagunta and Lee, 2012; Fan, 2014; Foutz and Jank, 2010; Gemser et al., 2012; Gopinath et al., 2013; Krider et al., 2005; Marshall et al., 2013) ADDIN EN.CITE . Our study uses more broadly based community data, gathered before a movie’s release.
2.3 Using crowd data from online communities to make market predictions 
A potentially serious limitation of pre-launch measurement of attitudes and opinions is the possible absence of widespread availability or access to the product which is being evaluated. This can be particularly problematic for experience based products which cannot be fully evaluated prior to launch. Against this, there is increasing evidence that what people say and communicate to others may have the effect of becoming a self-fulfilling prophecy. Internet environments have evolved to allow many forums where individuals can express themselves. Some may belittle the knowledge generated in this way, suggesting that the internet merely allows more opportunities for ignorant people to masquerade their lack of knowledge to a possibly gullible audience. However, against this, there is now considerable evidence supporting the “wisdom of crowds” It has been argued that, as in the case of Galton’s experiment at inviting a crowd to guess the weight of an ox, online communities are able in some circumstances to offer valid predictions based on partial information 
 ADDIN EN.CITE 

(Berg et al., 2008; Greenfield, 2008; Snowberg et al., 2007; Surowiecki, 2004)
. This has been shown to be particularly true where an online group is: sufficiently diverse in perspectives brought to the discussion; independent and not restricted by hierarchical processes; and where there is a transparent and efficient method of aggregating views expressed 
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(Stieger et al., 2012; Surowiecki, 2004)
. 
Within the movie sector, online gambling has emerged as a source of community wisdom, reflecting expectations about a movie’s performance. One notable example – Hollywood Stock Exchange - was launched as a fantasy stock exchange in movie values, while other betting platforms, such as Intrade, deal with real financial bets on the performance of a movie (Foutz & Jank, 2010). There is inconclusive evidence about whether early stage pre-release “prices” generated in this way correlate with subsequent box office performance. Furthermore, the use of a stock market price or a betting odds premium provides little granularity of information, other than what is mediated by price at the time. We believe that online movie communities provide a much more valuable source of online data which can be used to inform predictions of a movie’s success. Online movie communities typically comprise passionate users who have shared interests and shared cultural norms, 
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(Porter and Donthu, 2008; Preece, 2001; Seraj, 2012; Stockdale and Borovicka, 2006)
. We argue that the data generated by an online community could not only provide valuable insights into members’ opinions, emotions, preferences, choices, etc., but also that such data could be aggregated and used to supplement traditional metrics used to predict market behavior long before a film is launched. 
3. Hypothesis development using community variables
In this section, we formulate our hypotheses starting with a description of the theoretical foundations for incorporating pre-release online community activities in models for improving the predictive ability of sales forecast for short lifecycle products.  
In the movie industry, most production studios preannounce the release date of upcoming movies, sometimes up to one year before release. Movie-based online communities provide platforms for members to share their opinions, preferences, experiences, etc., regarding upcoming movies. For example, in a movie-based community called Fandango (also our empirical setting), on average, information is available for about 50 to 80 upcoming movies at any given time, and fandango members self-select to participate in online activities related to forthcoming movies, and participation typically includes 1) posting comments; 2) rating upcoming movies on a five-point scale; 3) expressing adoption intentions through voting. Moreover, community members continue to participate in such online activities not only before product launch but long after, as long as there is continuing interest. 

The following sub-sections describe how each of the four pre-release community metrics such as total member participation, total member comments, average ratings and voting, provide a measure of the awareness level, word-of-mouth, expectation level, and adoption intention level respectively prevailing within an online community for an upcoming product. The community’s awareness level, word-of-mouth, expectation level, and adoption intention level are defined as community variables in our study.
3.1 Total Member Participation: A measure of community awareness level
We argue that community members who participate in any form of online activity related to an upcoming movie are "aware" of that movie, and hence we propose that the total number of members who participate in online activities relating to a movie provides a measure of its prevailing ‘awareness’ level within the community. Comparing the degree of ‘awareness’ between different movies at any given point in time provides a good indication of a movie’s popularity (Mahajan et al., 1984); hence, higher awareness level could be expected to lead to higher future sales due to the ‘informative effect’ of awareness (Liu, 2006). Thus  total member participation provides a quantitative measure of the ‘awareness’ of a specific movie within the online community at any given point in time.

3.2 Total Member Comments: A measure of community-level word-of-mouth
Online community members typically start posting comments as soon as the first announcement about an upcoming movie appears,  typically discussing its star cast, genre, storyline, director, budget, etc. Members gather movie-related information from within the community or from other external sources (e.g., advertisements and trailers). Data on the total number of members’ comments posted for each upcoming movie is publicly available within online communities. The number of comments provides a measure of the volume of ‘word-of-mouth’ (WOM) generated for each movie and the volume (not valence) of WOM has been shown to have an effect on sales due to an awareness effect (Liu, 2006). Past studies have also indicated the persuasive effect of WOM 
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(Chakravarty et al., 2010; Zhang et al., 2010)
 and its influence on willingness-to-pay  (Wu and Gaytán, 2013) and purchase intentions (Jiménez and Mendoza, 2013) as well as market performance 
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(e.g., Chevalier and Mayzlin, 2006; Dellarocas et al., 2007; Liu, 2006)
. Thus, in this study total member comments provides a measure of the volume of word-of-mouth.
3.3 Average ratings: A measure of community-level expectations
During the pre-release period, fandango community members voluntarily rate each upcoming movie on a five-point scale and the current average rating is displayed. Such pre-release evaluation (average ratings) of each upcoming movie reflects community members' overall expectations towards each movie. Movie related information (functional attributes) such as its star cast and crew members, movie trailers, production budget, etc., help community members to develop cognitive expectations towards the upcoming movie, which along with other pre-release information such as competition, film critic ratings and reviews, etc., help community members to develop affective expectations towards the upcoming movie. Such affective expectations are based on community members’ prediction of emotional experience that they expect during future consumption 


(Anderson and Salisbury, 2003; Joshi and Hanssens, 2009; Ladhari, 2007) ADDIN EN.CITE . In other words, average ratings reflect community members’ expectations of the enjoyment value of each upcoming movie. 
Prior studies have shown that consumers’ disconfirmation of expectations (positive or negative) through consumption leads to satisfaction or dissatisfaction 


(McKinney et al., 2002; Olshavsky and Miller, 1972; Teas, 1993) ADDIN EN.CITE . In the case of movies, such disconfirmation takes place in the weeks following release. However, we argue that high expectations during the pre-release period create excitement among community members and motivate them to watch in the opening week following movie release and vice versa. Hence we hypothesise that there is a positive association between pre-release expectation level and opening week box office sales. However, in the later weeks following release, positive or negative disconfirmation takes place which may lead to further addition or reduction in sales.
3.4 Voting: A measure of community-level adoption intentions
During the pre-release period community members indicate their intentions to watch a particular movie  by voting ("can't wait" for positive adoption intention and "don't care" for negative adoption intention). Information about the number of members who claim a positive or negative adoption intention towards each upcoming movie is available in the community under each movie page. Previous studies have provided support for a significant positive effect of adoption intention on actual adoption 
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(Burns, 1993; Qing et al., 2008; Radder, 2003)
 and hence we hypothesise that the higher the number of members with positive adoption intentions the higher will be post-release sales.   
We formulate the following hypothesis which tests the predictive validity of  the four pre-release community-based variables noted above (in sections 3.1 to 3.4) and the relationship of each of these to future market performance (opening week box office sales);

Hypothesis-1: There is a positive association between a community’s pre-release (a) awareness level; (b) word-of-mouth; (c) expectation level; (d) adoption intention level for an upcoming product and its post-launch opening week sales.
Apart from the community variables, other movie related variables that exist during the pre-release period are MPAA ratings, production budget, star cast, and competition. In our study we call these variables generic predictor variables. Information about these variables are available in the public domain during the pre-release period. We argue that community variables are influenced by the generic predictor variables. For example, a movie with a famous star cast and crew members can create excitement among passionate moviegoers (community members), who then participate in online activities such as posting comments, rating and voting. Hence a movie with a famous star cast and crew members will attract greater member participation and online activities than a movie with less popular or unknown star s and crew members. Similarly, a movie with a high production budget will attract greater member participation and online activities than a movie with a lower budget, as production budget also includes the cost of marketing and promotion leading to increased awareness about an upcoming movie. Competition is defined as the number of other movies releasing on the same date. High competition can increase total member participation in online activities because each movie creates awareness and expectations towards each movie. The MPAA ratings of a movie have a similar effect on community variables due to the restrictive nature of MPAA ratings, which indicates the appeal for particular audiences (for example, a movie with "G" rating is suitable for all audiences whereas a movie which is not rated (NR) does not get a wide release). 
To summarise the above discussion, the generic predictor variables have an influence on community variables. Moreover, these community variables are already hypothesized (in hypothesis 1) to have a positive association with opening week sales. In other words, the community variables mediate the relationship between generic predictor variables and post-launch opening week sales. Thus we hypothesize
Hypothesis-2: the pre-release community variables (awareness level, word-of-mouth, expectation level and adoption intention level) have a mediating effect on the relationship between the generic predictor variables (MPAA ratings, production budget, star cast, and competition) and post-launch opening week sales.
Past studies have shown that MPAA ratings, production budget, star cast, and competition can influence box office revenues through a direct effect. 


(Calantone et al., 2010; Desai and Basuroy, 2005; Duan et al., 2008; Elberse, 2007; Eliashberg et al., 2000; Joshi and Hanssens, 2009; Liu, 2006; Simonton, 2009) ADDIN EN.CITE . Earlier, in hypothesis 2, we argued that the generic predictor variables have an indirect effect on opening week box office sales through the mediating role of community variables. Combining the direct and indirect effects, we hypothesize the following;
Hypothesis-3: the generic predictor variables (i.e., MPAA ratings, production budget, star cast, and competition) have both direct and indirect effects on post-launch opening week sales.
3.5 Pre-release Community Buzz: Complementarity of the community variables
Individual pre-release variables may provide useful predictors of post-launch market performance, but we wanted to synthesise these into a single, higher order construct and test its predictive ability arising from complementarity effects. The four pre-release community variables complement each other, as all of them are not mutually exclusive and they coexist and hence their joint predictive power is greater than the sum of their individual predictive power. For this purpose, a new latent variable called ‘Pre-release Community Buzz’ was created by combining the 4 community based variables. We define Pre-release Community Buzz as the overall capacity or ability of an online community as a whole to predict future market performance
. Creating this new latent variable allows a test of the complementary effect of the four community variables on box office revenues. A set of processes is defined as “complementary when more of any one of them increases the returns to doing more of the others” (Milgrom and Roberts, 1995); there is usually a positive correlation between complementary variables 
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(as explained by Arora, 1996; Cassiman and Veugelers, 2006)
 and this effect was also observed in our study (correlation results in Table-2). 
Hypothesis-4: the complementarity of a community’s awareness level, word-of-mouth, expectation level and adoption intention level ( Pre-release Community Buzz) for an upcoming product has a positive effect on post-launch opening week sales.
Past studies have shown that the ‘Number of screens’ at which a movie is released has a strong positive influence on box office revenues 
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(e.g., Eliashberg and Shugan, 1997; Swami et al., 1999)
. However, it is important to note that information about number of screens is not publicly available before movie release (publicly available only after release) and hence this variable is unlikely to have an influence on community behaviour during the pre-release period. Thus we excluded this variable in models 1 to 4 in our study since these models strictly use only those variables which are publicly available before movie release. However, film production houses will have this information about the number of screens "privately" before release as they have signed contracts with film distributors and theatres in order to screen their movies at least for the opening week. Hence, we added this variable (number of screens) in order to create a new prediction model (no.5) for the benefit (perspective) of film production houses and we formulate the following hypothesis between the number of screens and box office revenues.
Hypothesis-5: there is a positive association between the number of screens and opening week box office sales.

Hypothesis-5a: the addition of number of screens data will improve a model’s predictive power, compared to a similar model without this data.
4. Research Methodology
The empirical setting for this study is the motion picture industry and the hypotheses were tested using quantitative data publicly available at the specialised movie based online community, “Fandango.” The movie business is risky and movies are such complex products that it is very difficult to attribute the success of a movie to individual causal factors; (De Vany and Walls, 1999). However, the industry’s high economic importance, the possibility of obtaining rich data covering the entire product life cycle and the prevalence of unsolved questions relating to success factors have made the movie industry appealing to researchers (Eliashberg et al., 2006). 

4.1 Research setting - the Fandango online community

Fandango is a leading online community for moviegoers in the US, which entertains and informs consumers with exclusive film clips, trailers, celebrity interviews, fan reviews and news, while offering them the ability to quickly select a film and conveniently buy tickets in advance (source: www.Fandango.com). Community members begin to discuss an upcoming movie from the moment the first information (about the movie’s cast, genre, budget etc.) and communication (e.g., through a trailer or other advertisements) appears. This information is usually available from 3 to 12 months before the movie’s official release in theatres. In addition, Fandango reviews include the reviewers’ stated information such as gender, age group, favourite movie stars and preferred genre, membership duration and past rating history. The Fandango community is demographically diverse and includes teens, adults and senior citizens and this variety is clearly evidenced according to the genre of each movie. For example, the age group of members who rated a children/family movie ‘Cloudy with a Chance of Meatballs’ were under 18 year olds (22 members rated it), 18-24 year olds (117), 25-34 year olds (120), 35-44 year olds (73), 45-54 year olds (23) and 55+ year olds (15).

4.2 Sample and data collection

The pre-release community level data were collected from Fandango and the movie-related information (including box office revenue data) was collected from publicly available sources. Table-1 (Appendix-A) summarizes the data sources for both the independent and dependent variables used in this study. The dynamic nature of the variables requires that the data are collected on a periodic basis (weekly) at specific intervals. The data were collected for a period of 16 months, from September 1st, 2009 to December 31st, 2010, covering the movies (and all of the movie ‘seasons’) released during this 16-month period (a total of 373 movies). However, since the focus of this study is on the pre-release period, for each movie we started collecting community data from its eighth week before release. Therefore, on the first day of our data collection, we did not include those movies which were already showing in theatres and also those movies for which release was scheduled within the next 7 weeks. We started collecting data from only those movies which were about to release in theatres eight weeks later. This means we did not include those movies which were currently showing on day one of our data collection and also those movies which were about to release for the next seven weeks from day one. But thereafter we included all movies. All the major movies which were released in US theatres were listed in the fandango community and our study included only those movies which were included in the Fandango community. We did not include foreign language movies. We also ignored those movies which did not attract any participation from community members during this pre-release period. 

4.2.1 Market Performance. 

Market performance (the dependent variable) is measured by box office sales, following the approaches used in prior studies 
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(e.g., Dellarocas et al., 2007; Liu, 2006; Sawhney and Eliashberg, 1996)
. The first eight weeks following a movie’s release typically account for 97% of its box office revenue 
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(Eliashberg and Shugan, 1997; Liu, 2006)
 and hence, we collected box office revenue data weekly for 8 weeks after release. We also measured the aggregate box office revenue (in 1000’s US dollars) that was collected during the entire period of a movie’s run in the theatres. The primary source of box office revenue data was www.the-numbers.com (Table-1) and the data was verified from other sources, such as variety.com, ERC box office.com and IMDb (the internet movie database). 

4.2.2 Pre-release generic predictor variables
In order to test whether the addition of online community data improves the performance of traditional predictive models based on generic predictor variables (such as production budget, star cast, MPAA ratings, competition and film critics reviews), we created two separate models (model 1 and 2). In model 1, we used only the generic predictor variables in order to predict market performance (i.e., we excluded community variables in model 1) and then we investigated their predictive power. Thereafter, we added our community variables such as awareness level, word-of-mouth, expectation level and adoption intention level to model 1 to create model 2, and investigated their predictive power. By comparing model 2 with model 1 we could evaluate whether the addition of community variables improved the predictive power of the model.

 Production budget information is publicly available and typically 50% of production budgets are spent on advertising 


(Liu, 2006; Vogel, 2001) ADDIN EN.CITE . For star cast data, we followed the work of Karniouchina, E. V. (2011), using information collected from the IMDB database (professional version).This provides star meter ratings based on online search data to rate stars’  popularity at that given point in time. For each movie we counted the number of actors who are in the top thousand rankings. The higher the number of top rated actors in each movie, the higher its expected influence on box office revenues. MPAA ratings were coded based on the work of Craig et al., (2015). Each movie's MPAA rating was coded as follows: G = 5, PGE = 4, PG-13 = 3, R = 2 and NR = 1 based on the degree of restriction. Hence a higher value means less restriction and accessible to a larger audience which can lead to higher box office revenues compared to a movie with a lower value. Competition is measured by the number of movies that were released simultaneously, as they influence not only the box office revenues (Sochay, 1994) but also compete for screen space.
4.2.3 Other predictor variables

  Three other variables that influence box office revenues were included in the study. The first variable is the ‘Number of screens’ at which the movie is released, which has been shown to have a strong influence on box office revenues 
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(e.g., Eliashberg and Shugan, 1997; Swami et al., 1999)
. The second variable is ‘film-critic ratings’ which has also been shown to have an effect on box office sales 
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(e.g., Basuroy et al., 2003; Eliashberg and Shugan, 1997)
.The ratings of critics are collected from the publicly available website Metacritic and measured on a scale of 100 points. Film critics’ ratings and reviews are available only at the time of a movie’s release and not several weeks in advance. Hence film critic ratings and reviews will not have any direct effect on community variables, and therefore, we have not drawn any structural links from critics’ ratings to community variables in models 2 to 5. The following table indicates the list of independent, dependent and control variables used in this study.

- Table 1 here -

4.3 Analytical Procedures

Partial Least Squares Structural Equation Modelling (i.e., PLS-SEM) was used to test the proposed hypotheses and SmartPLS (V.3) was used for PLS-SEM. Ratzmann, Gudergan and Bouncken (2016) note that PLS-SEM is a prediction-oriented variance-based approach that maximises the explained variance of a construct offering seemingly appropriate prediction ability (Barroso et al., 2010; Chin and Newsted, 1999). As it focuses on maximising the variance for the endogenous constructs in the model, it is better suited (than covariance-based SEM which is used in AMOS software) to predict the latent variables in a model or identify relationships between them (Reinartz et al., 2009). The PLS-SEM results which include standardized path coefficients (γ) are presented in models 1 to 5.  T-statistics are used as indicators of significance and t-values greater than 1.96 are significant at p = .05 level (or 95% confidence level) - t-value estimation used bootstrapping resampling procedure in SmartPLS 3.0. In addition to evaluating the magnitude of the R2 values as a measure of predictive accuracy, this study also examines Stone-Geisser’s Q2 value as a criterion of predictive relevance by using the blindfolding procedure on SmartPLS (V.3). The blindfolding procedure involves a sample re-use technique which systematically deletes data points and provides a prognosis of their original values. The procedure requires an omission distance D and the omission distance D between 5 and 12 is recommended in the literature (Hair et al., 2016). A Q2 value greater than zero suggests that a model demonstrates good predictive relevance 


(Chin, 1998; Ken Kwong-Kay, 2016) ADDIN EN.CITE . Overfitting of our main model (model no.4) is assessed by partitioning the dataset (cross-validation) into a training dataset (for model estimation) and holdout dataset for estimating out-of-sample prediction errors such as mean absolute percentage error (MAPE), mean absolute deviation (MAD), RMSE, etc., (Shmueli et al., 2016). R software (V.3.2.5) was used for this purpose. The results are summarized in section 5.1.
Natural logarithms were taken for variables (opening Week Box Office receipts, awareness level, word-of-mouth, number of screens) that could take unbounded positive values. In all the estimations, tests for multi-collinearity were made by calculating the variance inflation factor (VIF) and the variables used produced acceptable VIF values. As the pre-release data is generated by members in the online community, the sampling bias usually associated with self-reported data is reduced and aggregation biases are also avoided because the data is already available at the aggregate level in these online communities. Table-2 indicates the descriptive statistics and the Pearson correlation for all of the key variables used in the study.

- Table 2 here -

Table-3 below indicates the results of the exploratory factor analysis. The four pre-release community-based independent variables (awareness level, word-of-mouth, expectation level and adoption intention level) form only one component of our model and are supplemented by the latent variable ‘Pre-release Community Buzz’ which incorporates the four independent variables and recognizes their complementarity.

- Table 3 here -

5. Results and discussion
The correlation matrix (Table-2) indicates the association between all of the variables in the study, including the independent, dependent and control variables. The dependent variable “opening week box office revenues” (OW-BOR) correlates significantly with all of the independent variables (with p-values mostly < .001), thus providing initial support to our first hypothesis that individual pre-release community variables are positively associated with post-release box office revenues. However, the associations of OW-BOR with the control variables “film-critic evaluation” (FCE) and competition were insignificant. It is striking to note that the critic ratings do not have any significant correlation with opening week box office revenues, contrary to popular belief that film critics exert a strong influence on box office success (Eliashberg and Shugan, 1997). The volume of word of mouth (i.e., total member comments) exhibits a significant correlation (p < .001) with box office revenues and this result is similar to the finding of Yong Liu (2006) that the volume of word of mouth is associated with box office revenues. The high positive correlation between each of the individual online community variables and box office revenues gave initial support to Hypothesis 1, which is further investigated through the models (1 to 5) presented in the following sections.

Model-1 does not use any community variables and instead it uses only those variables which are traditionally used to predict box office revenues, and to make it a ‘pre-release’ prediction model, it strictly uses only those variables that are available before a movie's release (and excluded post-release variables). We call these pre-release variables "generic predictor variables" and they include MPAA ratings, production budget, star cast and competition. 

- Model 1 here-

The results showed that there is a significant effect of production budget (γ = 0.62, t = 14.16, P<.001), star cast (γ = 0.14, t = 3.45, P<.01) , and critic ratings (γ = -0.13, t = 2.77, P<.01) , on the opening week box office sales. MPAA ratings and competition did not have any significant effects. In model-2, in addition to the generic predictor variables, we introduced our four pre-release community-based variables such as awareness level, word-of-mouth, expectation level and adoption intention level and then analysed their effect on the opening week box office sales. 

- Model 2 here-

The results show that, of the four community variables, all except expectation level had a positive and significant effect on box office sales (awareness level (γ = 0.32, t = 5.51, P<.001); word-of-mouth (γ = 0.11, t = 2.39, P<.05); adoption intention (γ = 0.41, t = 7.10, P<.001)). Moreover, production budget (γ = 0.21, t = 4.39, P<.001) and critic ratings (γ = -0.08, t = 2.58, P<.05) had a significant effect. This finding shows that the community variables (except expectation level) can predict future market performance (and hence providing partial support for hypothesis 1). By comparing model-2 with model-1, we could infer whether the addition of community variables improved the predictive power of the model or not, by looking into their R-square value and Stone-Geisser’s predictive relevance (Q2). For models 1 and 2, their R-square values were different, for example, model 2 (with the additional community variables) had a higher R-square value of .788 as compared to model-1 (R-square=.511). Similarly, model-2 had a higher Q2 value of 0.758 compared to model 1 (Q2 = 0.503). This shows that the addition of community variables improves the overall predictive power of the model, thus providing additional support to hypothesis 1.

In model-3, we tested for the mediating role of our community variables on the relationship between the generic predictor variables and box office sales. 

- Model 3 here-

The results show that there is a positive and significant effect for three of the four community variables on box office revenues (awareness level (γ = 0.32, t = 5.49, P<.001); word-of-mouth (γ = 0.11, t = 2.38, P<.05); adoption intention (γ = 0.41, t = 6.96, P<.001)). Expectation level was insignificant. The results also showed that there is strong, positive and significant effect of 1) production budget (γ = 0.47, t = 1.25, P<.001) and competition (γ = -0.23, t = 4.73, P<.001) on awareness level, 2) production budget (γ = 0.29, t = 5.17, P<.001), competition (γ = -0.15, t = 2.51, P<.05) and star cast (γ = 0.25, t = 2.34, P<.05)  on word-of-mouth, 3) production budget (γ = 0.38, t = 4.20, P<.001) , star cast (γ = 0.22, t = 3.67, P<.01) and competition (γ = -0.12, t = 2.02, P<.05) on expectation level, and 4) star cast (γ = 0.14, t = 2.63, P<.05) and production budget (γ = 0.49, t = 5.16, P<.001)  on adoption intention. From these findings, it can be inferred that the community variables (except expectation variable) have significant mediating effect on three generic predictor variables such as star cast, production budget and competition. There is no support for the mediating effect on MPAA ratings. Our Hypothesis-2 postulates that the pre-release community variables have a mediating effect on the relationship between the generic predictor variables and post-launch market performance. However, as discussed above, the results presented in model-3 provide only partial support to hypothesis 2, since community variables did not have a mediating effect on MPAA ratings. This finding is also further validated in the following models (models 4 and 5). It is also interesting to note that star cast did not have a ‘direct’ significant effect on box office revenues, however, star cast has an ‘indirect effect’ on box office revenues through the community variables such as word-of-mouth and adoption intention. Similarly, production budget has a ‘direct’ and significant effect on box office revenues and also has an ‘indirect effect’ on box office revenues through all community variables except ‘expectation’. Like star cast, competition did not have any ‘direct effect’ on box office revenues, however they had an ‘indirect effect’ through awareness level and word-of-mouth. Finally, MPAA ratings did not have any ‘direct or indirect effect’ on box office revenues. The findings provide partial support to hypothesis 3 which states that the generic predictor variables (i.e., MPAA ratings, production budget, star cast, and competition) have both a direct and indirect effect on post-launch market performance. The R2 value of model-3 is 0.788 and their predictive relevance (Q2) is 0.758. 
Models 2 and 3, demonstrates only the direct (and individual) effect of community variables on box office revenues. In other words, models 2 and 3 do not verify the complementarity effect of the community variables. Thus, in order to demonstrate the complementary effect of the community variables (hypothesis 4), we introduce the latent variable "Pre-release Community Buzz" in model-4 (our main model) and then tested it. 
- Model 4 here-

The results presented in model-4 shows that the latent variable "Pre-release Community Buzz" has a strong, positive and significant effect on box office revenues (γ = 0.70, t = 16.87, P<.001) and the magnitude of this effect is far higher than the other significant independent variables such as production budget (γ = 0.26, t = 5.65, P<.001) , critics ratings (γ = -0.09, t = 3.14, P<.01). Competition variable was insignificant. The R2 value of model-4 is 0.772 and their predictive relevance (Q2) is 0.752. These findings thus provide support to hypothesis 4 which states that the complementarity of community’s awareness level, word-of-mouth, expectation level and adoption intention level ( Pre-release Community Buzz) for an upcoming product has a positive effect on post-launch market performance. As model 4 is the main model of this study, it is therefore subjected to further analysis to assess the presence of overfitting of data using a cross-validation technique (using R V.3.2.5) by partitioning the dataset into a training dataset (to estimate coefficients) and a test dataset as a holdout sample for testing the model’s predictive performance. This is explained in section 5.1.
In model-5, we explain that movie production houses can improve the predictive power of model-4, by including in the model, information about the "number of screens in the opening week" that they have planned to release their movie. Before movie release, this information is not publicly available (and hence we have not included this data in models 1 to 4, which strictly uses data only from the pre-release period). Screening decisions are dynamic and subject to change in the days and weeks following a movie's release depending on the performance of a movie on the opening day or weekend. 

- Model 5 here-

Our results show that the “number of screens” in the opening week has a strong positive and significant effect on the opening week box office sales (γ = 0.61, t = 12.29, P<.001) and thus supports hypothesis 5. The magnitude of this effect is higher than Pre-release Community Buzz (γ = 0.35, t = 7.85, P<.001)  and also higher than other significant independent variables such as star cast (γ = -0.03, t = 1.85, P<.10), production budget (γ = 0.11, t = 3.63, P<.001) and critic ratings (γ = 0.07, t = 2.76, P<.01). Our model-5 also shows that the predictive power of the model improves by adding information about the "number of screens in the opening week" and this is revealed in the predictive performance of the models. The R2 value of model-5 is 0.904 and their predictive relevance (Q2) is 0.885 and both these values are higher than model-4 (R2 =0.772 and Q2 = 0.752). Thus, supports hypothesis 5a. Table 4 below summarizes the R2 values and Q2 values for all the five models.
- Table 4 here -

Based on all the above findings presented in models 1 to 5, we found significant support for all five hypotheses (partial support for hypothesis 1, 2 and 3). Thus we provide evidence that community variables from the pre-release period can predict future market performance. Moreover, we have shown that community variables have a mediating effect on the relationship between generic predictor variables and market performance. While studies in the past have shown the ‘direct effects’ of generic predictor variables such as MPAA ratings, star cast, production budget and competition on box office sales, we contribute to this literature, through this paper the ‘indirect effects’ of these generic predictor variables. We also demonstrate the complementarity effect of the community variables and their incremental explanatory power in predicting market performance which is shown to be far higher than the individual marginal effects of the four community variables.
5.1 Evaluating predictive performance

The predictive performance of our main model (model no. 4) is analyzed by randomly partitioning our dataset into a training and a holdout sample and such separation is intended to avoiding overfitting (Shmueli et al., 2016). The training set (90% of the dataset), was used to estimate the coefficients, and a test set (10%), was further used to measure the predictive performance. The PLS model was estimated in the way of Lohmöller (1989) and Tenenhaus et al., (2005), Monecke and Leisch (2012) and Shmueli et al. (2016). All calculations were made in the R environment (V.3.2.5). Since each part of the model should be validated, a number of tests were performed in this study to assess the quality of the measurement model, the structural model, the overall model and the predictive performance of the model. 

             On average, the received statistics indicated sufficient quality of the model, namely: 1) The communality index shows how much of the manifest variables variability in the blocks is explained by their own latent variable scores. The average communality is the average of all the squared correlations between each manifest variable and the corresponding latent variable scores. In our model, this index was 0.66. 2) The redundancy index is a global quality measure of the structural model. It measures the ‘ability’ of a set of independent latent variables to explain variation in the dependent latent variable. In our model, this was 0.3. 3) The GoF index (Tenenhaus et al., 2004) assesses model performance in both the measurement structural models, and thus is good as a single measure for the overall prediction performance.  It is based on the values of Average R-squared (0.61) and Average Communality (0.66) thus the GoF in our model is 0.64. 4) Composite reliability of Dillon-Goldstein's rho (Werts et al., 1974) for Latent Variable 1 (i.e., Opening week box office sales ) is equal to 0.89. It can also be considered as the index of average prediction for the entire model. Thus, approximately, the ‘prediction power’ of the model is at the level of 89%. 5) Following the effective procedure for generating out-of-sample predictions with PLS proposed by Shmueli et al. (2016), predictions were generated for the remaining subsample that contains 10% of the data. The final measures of predictive performance, i.e., the cross-validated RMSE, MAPE and MAD are as follows: 5a) RMSE = 1.42; since RMSE has the same units as the dependent variable, the received value is relatively small (‘Opening week box office sales’ value ranges from 1.39 to 12.14, with the average 7.96). Normalized value of RMSE is even less, at., 0.13. 5b) Forecast accuracy in percentage, MAPE, = 20.61; therefore, on average, the forecast is off by approximately 20%. 5c) MAD returns 1.086, and, therefore, also indicates the relatively low size of the error, measured in units. 5d) With less testing data, the performance statistic could have greater variance; on the other hand, with less training data, parameter estimates could have greater variance. Therefore, the received results are also benchmarked against those obtained from the subsamples with the equal size of 50%. The received statistics are very similar to the previous case, i.e., RMSE= 1.43, MAPE=20.85 and MAD=1.074. 

Consequently, given the available data and based on the test results, the received model is of sufficient quality and with acceptable predictive performance.///
a. 
2. 
3. 
a. 
b. 
c. 
6. Conclusion, Implications and Limitations

This paper opened with the observation that companies increasingly seek opportunities to incorporate customers into their planning and operational processes. The principles of co-creation of value embedded in Service Dominant Logic (Vargo and Lusch 2004) have been extensively conceptualised, but practical applications remain under-researched. Online communities are increasingly being seen by companies as opportunities for gaining insights to likley success of new products. A particular contribution of this paper has been to use data collected from an online community before the launch of a product to predict sales post-launch. Previous studies have mainly used qualitative analyses of online comments to predict sales and to adapt market launch strategy. We have made a contribution to knowledge by developing quantifiable metrics out of extensive pre-launch online data and used these to improve predictions of post-launch sales. We found this in the specific case of movie releases, incorporation of community level data improved the performance of sales forecasts based on traditional generic predictors, such as budget, star cast, MPAA ratings and competition. The findings are likely to be of particular value for short lifecycle products where opportunities for test marketing are limited by competitive pressures and the short lifecycle allows only limited opportunities for refinement of marketing strategy before the product is superseded other new products.

A parsimonious model for the pre-release market evaluation of not yet released movies was built and tested successfully, using just four pre-release community level variables. The success of this prediction model can also be attributed to the pre-existing aggregation mechanisms in the online community that can capture members’ activities at the collective level, the dynamic nature of the pre-release variables and also the access to such an unbiased but rich data set. Hypotheses were formulated relating to the ability of pre-launch community level variables to predict post launch performance and analysis of data supported all of the hypotheses. 

6.1 Theoretical Implications 

This paper builds on early work by Galton on the “wisdom of crowds” and more recent theoretical and empirical developments by (Greenfield, 2008). In this study, partially informed informants provided – unprompted - data which supplemented and improved predictions of demand based only on traditional industry based metrics. Although researchers have used online environments and undertaken qualitative interpretation to predict future market performance, we have made a contribution by amalgamating metrics from online community data to build a model which improved predictions using traditional generic predictors. We believe that this approach is particularly valuable for short life cycle products, where little research of the actual product can be undertaken prior to its release. We have proposed and tested a latent construct ‘Pre-release Community Buzz’ which provides a measure of the overall capability or ability of an online community as a whole in predicting future market performance.  We have demonstrated that this can be used to make valid predictions of market performance before launch. This study has investigated one specific short lifecycle product – movies – and it may be expected that the theoretical underpinning of our approach could play a similar role in predicting demand for other short lifecycle products.

6.2 Managerial implications

Many short lifecycle products face a problem of predicting demand for a largely unseen new product before launch, and without the practical possibility of a gradual staged launch to the market during which the product can be refined and adapted. Furthermore, for short lifecycle products, possibilities for refinement may be quite limited after launch, given a typically short window of opportunity for achieving sales. Products which could benefit from this approach to demand forecasting include video games, computer software, fashion clothing and music festivals. 

Specifically, for the movie industry, pre-release market prediction using online communities has considerable practical implications for managers at different points in the value chain of movies.  For movie producers, the use of pre-launch online community data to predict market demand can inform pre-launch decisions about levels of advertising, content of trailers and can be used to inform negotiations with distributors regarding contracts for number of screens. and prices for distribution company managers, early prediction of demand for a movie facilitates decisions about which movies to distribute, number of screens to be allocated, and also facilitates negotiations with theatre owners for higher prices. For theatre managers (of single theatres, multiplexes and megaplexes), the problems of scheduling movie screens has become increasingly complex (Eliashberg et al., 2009), as there are typically a large number of different movies that a theatre wants to show in a week and this number is typically larger than the number of screens available. An early and accurate prediction of demand for upcoming movies will facilitate managers not only in negotiating a better deal with distributors, but also developing an optimal scheduling strategy.

Member participation in online communities during the pre-release period is much lower relative to the post-release period. Having established that member participation during the pre-release period could significantly predict post-launch performance, movie producers and other stakeholders should promote more member participation during the pre-release period through special programs or incentive schemes, such as discount coupons for film ticket purchase. Further development of user-friendly phone apps may facilitate participation. As more members participate in the pre-release period, the accuracy of predictions using our approach is likely to improve. 
Our study also highlights the importance of providing adequate toolkits for community members to express themselves in their online communities. For example, in the case of fandango community, the community website offered toolkits such as space for posting texts, ratings (five-star scale), voting ("can't wait" and "don't care") which not only enabled the community members to express themselves but also helped researchers to collect rich user data from such communities. Most movie-based communities provide similar toolkits for their community members (E.g., Coming soon.net, rottentomatoes.com, Metacritic.com, flixter.com, and several YouTube based channels such as Clevver movies, Hollywood streams, Movie clips, etc.). Market researchers along with community designers much must pay attention in deciding relevant toolkits for their community in order to create win-win situation for both community members and market researchers.
6.3 Limitations and further research

The use of data from online communities is subject to a number of general limitations. Although we used a large online community - Fandango - which claims to be based on a community of people with a passion for appreciating movies, it is possible that some of the community members may be from the movie industry itself or work for a film distributing company and some may deliberately “talk up” upcoming movies, posing as ordinary moviegoers.  The ratings or comments from such members may have a significant influence on other community members and hence, critics may question the reliability of any prediction based on data from such online communities. It might be countered that in a large community, such members may be a marginal proportional of total membership and their comments likley to affect all movies, thereby providing a common basis for error which does not undermine the general predictive power of a community based model.

We have assumed that in a pre-launch environment of limited information, members would not have seen the movie, only trailers of it. However, some members may have managed to see the movie before its official theatrical release through special screenings of the movie, during film festivals such as Cannes film festival or during a limited release (in which producers hope to get a nomination for academy awards). We do not believe this was a major factor affecting more than a small minority of members, and its effects are likely to be generalised across most movies, thereby not undermining the principles of our prediction model.

Finally, this study collected data from a movie-based community and it may be difficult to generalize the findings from this study across other industries, for example, high tech industry where consumers may not understand an upcoming product and hence unable to rate or decide adoption intent. Further studies can help to generalize our findings. Moreover, the data were collected and analysed at the community-level without segmenting individual members into different categories, which may each have different attitudes and behaviour. Therefore, future studies may segment community members, perhaps distinguishing between frequent and non-frequent community participants or frequent and non-frequent movie-goers, and may further build on  Kozinets (1999) classification of community members, to distinguish between insiders, devotees, tourists and minglers,. 
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7. Models and Tables
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Model 1- Prediction using only generic predictor variables (i.e., without using community variables)
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Model 2 - Prediction using generic predictor variables and community variables (direct effects)
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Model 3 - Prediction using generic predictor variables (direct and indirect effects) and community variables (mediating effects)

[image: image4.png]MoAARATINGS
sacist
“0003

0009

(Communty e

RosuCTIon
SUbGET
.

[soormonmamon
Communsy v

o,
WoRD-orouTH
(Commntyleve) L\‘
ey
ECTATON o
(Communtylert) .

os
PRE-RELEASE
COMMUNITY BUZZ

cames AN
comermon

‘OPENING WEEK
BOX OFFICE SALES

+=p<.10

*=p<.05
*x=p< 01
% =p <001





Model 4 (main model) - Prediction using generic predictor variables and community variables: Test for complementarity effects
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Model 5 - Prediction using generic predictor variables and community variables: Model developed by adding ‘number of screens’ data (for film production houses) 
	Table 1. Variables and Measures

	 
	VARIABLE NAME
	MEASURES
	 
	NAME OF SOURCES
	LINKS

	DEPENDENT VARIABLE
	1.
	Opening week box office sales 
	Box-office sales in 1000 USD

(Natural Log)
	1.
	The numbers*
	http://www.the-numbers.com

	
	
	
	
	2.
	ERC box office
	http://www.ercboxoffice.com

	
	
	
	
	3.
	Variety 
	http://www.variety.com

	
	 
	 
	 
	4.
	IMDb movie databases 
	http://www.imdb.com/

	COMMUNITY VARIABLES (Pre-release community-level variables)
	2.
	Awareness level
	Total Member-Participation (Natural Log)
	1.
	Fandango
	http://www.fandango.com

	
	3.
	Word-of-mouth
	Total Member Comments (Natural Log)
	1.
	Fandango
	http://www.fandango.com

	
	4.
	Expectation level
	Average ratings (5-point scale)
	1.
	Fandango
	http://www.fandango.com

	
	5.
	Adoption intention
	Percentage of Positive Votes
	1.
	Fandango
	http://www.fandango.com

	
	6.
	Pre-release Community Buzz (Latent Variable)
	 
	 
	 

	GENERIC PREDICTOR VARIABLES
	7. 
	MPAA ratings         PG, PG-13, G, R, NR                                                           
	1.
	Fandango
	http://www.fandango.com

	
	8.
	Star cast                 Star meter rank   
	1.
	IMDb Pro
	https://pro-labs.imdb.com/

	
	9.
	Production budget   in 1000 USD (Natural Log)
	1.
	The numbers
	http://www.the-numbers.com

	OTHER VARIABLES
	10.
	Number of screens

 (opening week) 
	Number of screens (Natural Log)
	1.
	The numbers
	http://www.the-numbers.com

	
	
	
	
	
	
	

	
	11.
	Critics ratings
	Film-Critics Evaluation (Percentages)
	1.
	Metacritic 
	http://www.metacritic.com

	
	12.
	Competition
	Competition 
	1.
	Fandango
	 http://www.fandango.com

	
	
	
	
	
	*Primary Data Source


	Table 2. Descriptive Statistics and Pearson Correlations between independent, dependent and control variables
	 

	 
	Variables
	Mean
	SD
	Min.
	Max.
	1
	2
	3
	4
	5
	6
	7
	

	1
	Average Rating
	2.93
	0.72
	1
	5
	 
	 
	 
	 
	 
	 
	
	

	2
	Critics rating (%)
	51.16
	19.14
	8
	85
	.005
	 
	 
	 
	 
	 
	 
	

	3
	Percentage Positive Votes 
	38.13
	21.92
	0
	100
	.609***
	-.054
	 
	 
	 
	 
	 
	

	4
	Box office revenues (1000 USD)
	12448.87
	28273.58
	2
	188078
	.518***
	-.076
	.716***
	 
	 
	 
	 
	

	5
	Total Member-Participation
	638.75
	740.39
	2
	4883
	.339**
	-.031
	.314**
	.725***
	 
	 
	 
	

	6
	Total Member Comments
	8.18
	28.10
	0
	285
	.605***
	-.024
	.617***
	.681***
	.503***
	 
	 
	

	7
	Number of Screens 
	1114.19
	1364.24
	1
	4024
	.474***
	-.335**
	.671***
	.912***
	.623***
	.610***
	 
	

	8
	Competition 
	7.45
	2.71
	1
	11
	-.105
	.010
	-.025
	-.021
	-.251*
	-.193
	-.005
	

	
	* p < .05; ** p < .01; *** p < .001
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	


	Table 3. Exploratory Factor analysis*

	 
	Variables
	Component=1

	1
	Average Rating (expectation level)
	0.90

	2
	Percentage of Positive Votes (adoption intention)
	0.81

	3
	Total Member Participation (awareness level)
	0.80

	4
	Total Member Comments (word-of-mouth)
	0.76

	
	Extraction Method: Principal Component Analysis.

	
	*. 1 components extracted.
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(Predictive Relevance)

Model 1

Prediction using only generic predictor variables                

(i.e., without using community variables)

0.511 0.503

Model 2

Prediction using generic predictor variables and 

community variables (direct effects)

0.788 0.758

Model 3

Prediction using generic predictor variables 

(direct and indirect effects) and community 

variables (mediating effects)

0.788 0.758

Model 4 

(Main Model)

Prediction using generic predictor variables and 

community variables: Test for complementarity 

effects

0.772 0.752

Model 5

Prediction using generic predictor variables and 

community variables: Model developed by 

adding ‘number of screens’ data (for film 

production houses) 

0.904 0.885

Table 4.

 Predictive performance of models
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