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ABSTRACT 

Platform strategies require the careful design of instruments for governing third parties. We study the effects of a 

widespread and costly, yet unexplored instrument that potentially enhances the outputs of third parties: developer 

conferences. We exploit a randomized quasi experiment in the context of Apple’s 2016 “app” developer conference, 

the so-called “Apple World Wide Developer Conference”, which is given by the fact that conference acceptance is 

determined by a random ticket lottery. To assess app developer performance, we rely on monthly panel data from 

Apple’s App Store. To identify accepted and rejected developers, we use a simple three-question survey. All other 

things being equal, conference attendance leads to an increase of 1.9% in app ratings and 8.9% in downloads. It is 

likely that these increases are the result of a consistent change in developer behavior triggered by the conference, 

rather than the result of a selection effect. This change in behavior seems to be driven by eased access to technical 

knowledge as well as strategic alignment with Apple, rather than by exchanges among developers. In sum, the 

evidence here identifies developer conferences as an effective instrument in strategically aligning third parties apart 

from selection, pricing, and control mechanisms advocated in prior work. 
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1. INTRODUCTION 

Many of today’s firms turn outside their boundaries for innovation (Teece 1986). Apple, for 

example, opened its iPhone to independent “app” developers in 2008, which has since then grown to a 

platform that encompasses more than 300,000 app developers and 2 million complementary apps, 

including innovations like Instagram, Snapchat, or Tinder. Firms like Apple pursue platform strategies: 

they allow independent third-parties, so-called complementors, to participate in the development and 

commercialization of their technology (Boudreau and Hagiu 2009, Parker et al. 2016, Parker and Van 

Alstyne 2005). While prevalent in systems industries like personal computers, game consoles, and 

operating systems, platform strategies continue to spill over to various other markets, including apparel 

(Spreadshirt), local experiences (AirBnB), and logistics (Postmates). Yet, managing complementors has 

proven to be a complex endeavor. Despite considerable research on pricing (e.g., Hagiu 2006, Rochet and 

Tirole 2003), control (e.g., Farrell and Katz 2000, Huang et al. 2013), and participation (e.g., Boudreau 

2010), little empirical evidence on the effectiveness of particular governance instruments is available.1 

In this paper, we study a widespread and costly, yet unexplored instrument that potentially 

enhances the performance of complementors: developer conferences. A developer conference is a large 

in-person gathering of complementors and platform owners for discussing matters of common interest. 

Apple, Google, Facebook, SAP, Microsoft, and Oracle, for example, hold annual developer conferences 

bringing together several thousands of complementors of their technologies. The typical conference 

format includes formal presentations by platform owners, as well as question-and-answer sessions, one-

on-one meetings, and informal get-togethers.2 The expected effect of developer conferences is not 

obvious. The central feature of developer conferences is that they enable exchange in a close physical and 

                                                      

1 Research on platforms largely evaluates policies relevant for the initial stages of the platform. Scholars 

investigated predictors of participation, e.g., pricing (Rochet and Tirole 2003), openness (Boudreau 2010, 2012), 

performance investments (Anderson et al. 2014), or first-party content (Hagiu and Spulber 2013). 

2 For example, see https://web.archive.org/web/20170214083938/https://developer.apple.com/wwdc/schedule/. 

https://web.archive.org/web/20170214083938/https:/developer.apple.com/wwdc/schedule/
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social setting (Coleman 2010). Thus, conferences may offer the advantages of closer collaboration 

between platform owners and complementors, including eased transfer of technical knowledge (Argote 

and Ingram 2000, von Hippel 1998, Szulanski 1996), community-building among complementors 

(Boudreau and Lakhani 2009, O’Mahony and Ferraro 2007, Roberts et al. 2006), and strategic alignment 

(Boudreau and Hagiu 2009, Gawer and Cusumano 2002). In this sense, developer conference represent an 

instrument of relational third party governance that contrasts with the arm’s length or even competitive 

notion of platform governance advocated in prior research (Armstrong 2006, Brandenburger and Nalebuff 

1996, Farrell and Katz 2000, Gawer and Henderson 2007, Shapiro and Varian 1998). 

The goal of this paper is to examine the effect of developer conferences on complementor 

performance. This relationship is difficult to establish empirically. Attendees and non-attendees may 

differ in terms of unobservable and observable characteristics that correlate both with conference 

attendance and performance. For example, high-performing complementors could be more aware of the 

value of conferences, or conference hosts could be more willing to accept high-performing 

complementors for the conference. Research designs that do not account for such selection and reverse 

causality issues will incorrectly estimate performance effects.  

To address these issues, we exploit a randomized quasi experiment in the context of Apple’s 

iPhone platform. In June 2016, Apple staged its 33rd “Worldwide Developers Conference (WWDC)”. The 

conference brought together 5,000 app developers with more than 1,000 Apple employees (Apple 2016a). 

Apple’s chief executive officer Tim Cook opened the conference with a two-hour keynote (Chen et al. 

2016). During the remainder of the five-day conference, attendees had access to information sessions, 

labs, lunches, parties, and informal get-togethers. Our identification strategy exploits the fact that Apple 

limited participation and raffled tickets to registered developers through random selection (Apple 2016a). 

The randomized distribution of conference access provides us with a relatively strong control group, 

namely developers that registered for the conference but were dismissed by the lottery. The 
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randomization allows us to assume that registered-and-accepted developers—attendees in the following—

are identical to registered-but-dismissed developers—non-attendees in the following.  

To assess app developer performance, we collected time-series data from Apple’s App Store. Our 

dataset includes monthly information on app ratings, downloads, and prices to assess developer 

performance, collected between April 2016 (two months prior the conference) and December 2016 (five 

months after the conference). To identify attendants, we designed a simple survey instrument that asked a 

random sample of app developers (a) whether they registered for WWDC and (b) whether they were 

selected by the lottery. To assess response bias, we compare respondents to a random sample of 

developers in the Apple App Store on observational characteristics. We do not observe significant 

differences between respondents and the average developer, at least given the data here. Our final dataset 

is a balanced panel on 451 attending app developers and 3,186 non-attending developers, which we 

observe monthly over a period of seven months. 

Our analyses suggest positive effects of conference attendance on developer performance. Other 

things being equal, conference attendance increases the ratings of developers’ apps by 1.9% on average, 

with the most conservative estimate being 1.7%. Furthermore, other things being equal, conference 

attendance leads to surges in downloads of developers’ apps by 8.9%, with the most conservative estimate 

being 7.1%. Despite the effects on app ratings and downloads, we do not observe any effect on app prices. 

The WWDC-effect remains consistent across a wide range of robustness checks (Bertrand et al. 2004), 

including bootstrapping procedures, false positives assessments, and monthly variation of the treatment 

effect. Taken together, these results suggest that developer conferences increase the appeal and demand of 

attendees’ products, suggesting conferences as an effective instrument in enhancing the outputs of 

complementors. 

We consider two explanations for the WWDC effect. First, the WWDC-effect could result from a 

selection effect, meaning that the effects exist only for a subset of its attendees. For example, Apple may 

use the conference as a means to identify and nurture providers of extraordinary quality (Gawer and 
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Cusumano 2002, Wareham et al. 2014). The rival explanation is that the conference is consistently 

“treating” app developers, in terms of influencing their behavior, which then leads to the observed 

increases. Based on our data, selection is unlikely to be the cause. Observational, time-invariant developer 

heterogeneity accounts for a fraction of the WWDC-effect. In addition, attendees experience rating and 

download increases almost independently of their pre-conference quantile regarding these variables, also 

when accounting for outliers. Instead, the conference seems to consistently treat attending developers. 

Compared to their non-attending counterparts, attending developers are more likely to release a major 

update for their apps (e.g., adding new features or content), while being less likely to invest into minor 

updates (i.e., bug fixes). We interpret both observations as a shift in app developers’ behavior from 

investing into maintaining the status-quo toward investing in additional capabilities and features of their 

products. 

If gains in ratings and downloads are likely to result from the changed behavior of attendees, and 

not selection, which mechanisms contribute to this behavioral modification? Under the goal of informing 

the design of further governance instruments, we explore counterfactuals for the evidence of three 

potential explanations of the observed WWDC-effect. First, as conferences are based on personal 

exchanges, they may ease complementors’ access to technical knowledge, or a knowledge transfer 

mechanism (Argote and Ingram 2000, von Hippel 1998, Szulanski 1996). For example, one-to-one 

assistance of Apple engineers may improve attendees’ skills or allow them to improve the performance or 

integration of their apps. Second, conferences may offer a physical setting for app developers to establish 

community relationships, or a community mechanism (O’Mahony and Ferraro 2007, Roberts et al. 2006). 

For example, social events throughout the conference may foster a social identity of attendees, eventually 

forming partnerships, increasing commitment, and creating a “we-intention” (Bagozzi and Dholakia 

2006). Finally, conferences may allow platform owners to provide attendees with the overarching goal of 

the platform and to align the supply of apps and developers’ alignment of resources into particular 

strategic areas, or a strategic alignment mechanism (Boudreau and Hagiu 2009, Gawer and Cusumano 
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2002). For example, the conference may align attendees’ resources to a particular technology or a market 

segment. In sum, while we do not find evidence for a community mechanism, we find support for the 

knowledge transfer and strategic alignment mechanisms. Interpretation of the mechanisms must be 

cautious, as our research design does not allow inferences on the causality between the behavioral 

mechanisms and the observed developer outcomes. 

Taken together, this paper identifies developer conferences as an effective instrument of 

relational third party governance. We speculate that the observed effects—at least in our very context—

derive from eased access to technical knowledge and strategic alignment. In particular, this paper 

describes developer conferences as an effective instrument in influencing the outcomes of third parties 

apart from selection, pricing, and control mechanisms advocated in prior work (Armstrong 2006, 

Boudreau and Hagiu 2009, Hagiu 2006, Tiwana et al. 2010).  

2. THEORETICAL BACKGROUND 

Our study is related to work on platform ecosystems, the governance of third party innovation, 

and conferences as an instrument of relationship management.3 We discuss these streams of research 

below. 

2.1. Platform Governance 

Existing work outlines that platform owners’ activities go beyond designing, developing, and 

distributing predefined products, but require the careful governance of an ecosystem of complementors 

(Adner and Kapoor 2010, Boudreau 2010, Boudreau and Hagiu 2009, Cennamo and Santalo 2013). This 

                                                      

3 We define a platform as a software-based system, which brings adopters of the system together with firms that 

provide ancillary services, so-called complementors (based on Parker et al. 2016). Following Brandenburger and 

Nalebuff (1996), a complement to one product or service is any other product or service that makes the first one 

more attractive. Mobile operating systems, for example, become more attractive with the availability of ancillary 

software-based apps. In this paper, we use the term “complementors” instead of the longer “developers of 

complementary software products“. 
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begs the question of what form of complementor governance is “optimal” (Bresnahan and Greenstein 

2014).  

Existing work distinguishes between two fundamental forms of governance. One form of 

governance is to organize complementary innovation as a market (e.g., Farrell and Katz 2000, Hagiu 

2006, Shapiro and Varian 1998). Market advocates argue that by keeping complementors at arm’s length 

and letting them compete for consumer needs, they have incentives to differentiate, to identify novel 

ideas, and to defend their knowledge, from which platform owners eventually benefit most (Armstrong 

2006, Boudreau and Lakhani 2009). Following this logic, platform owners’ efforts should concentrate on 

creating a vibrant market of complements on the one hand and implementing strong selection mechanisms 

that promote the best complements to the top on the other hand (Shapiro and Varian 1998).  

The other form of governance is relational and emphasizes the value of closer cooperation 

between platform owners and complementors, in terms of complementor relationship management 

(Gawer and Cusumano 2002, Huber et al. 2017). Relational governance is motivated by market failures, 

such as crowding out complementors (Boudreau 2012), innovation holdup of complementors (Huang et 

al. 2013), or creating incentives for complementors to copy successful complements (Boudreau and Hagiu 

2009, Coughlan 2004). Following this logic, platform owners’ efforts should concentrate on establishing 

closer relationships with complementors and avoiding to actively compete with them. 

2.2. Relational Governance 

Relational governance may create value in two ways. On the one hand, closer relationships to 

complementors may provide platform owners with richer information on complementors, which allows 

them to better screen and select complementors. By relational governance, platform owners might be able 

to improve their selection of high-performing or promising complements or their identification of low-

quality complements. This question is part of a larger debate on the effectiveness of relational control 

(e.g., Ryall and Sampson 2009, Sarker, Sarker, Sahaym and Bjørn-Andersen 2012, Wareham et al. 2014).  
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One the other hand, relationship management may provide platform owners with mechanisms to 

actively influence complementor behavior in desirable ways without the exertion of control. First, 

relational management may influence complementor behavior via a knowledge transfer mechanism. 

Relational governance may enable a greater transfer of technical knowledge. The argument that closer 

relationships are better suited for the transfer of “tacit” or “sticky” knowledge is well-established (Argote 

and Ingram 2000, Brown and Duguid 2001, von Hippel and Katz 2002, Nonaka and Takeuchi 1995, 

Szulanski 1996). In particular, relationship management may enable platform owners to provide 

complementors with greater access to technical knowledge, eventually allowing them to improve their 

products in quality. For example, existing work has described the critical role of “partnership managers” 

in facilitating the transfer of development knowledge (Huber et al. 2017, Sarker, Sarker, Sahaym and 

Bjørn-Andersen 2012, Wareham et al. 2014). 

Second, relationship management may influence complementor behavior via a community 

mechanism. Relational governance may foster socialization among complementors, in terms of formal 

and informal linkages. In part, relationship management may stimulate exchanges or long-term 

partnerships among developers (O’Mahony and Ferraro 2007, Roberts et al. 2006, Von Krogh and Von 

Hippel 2006). More importantly, socialization may reinforce a social identity or a “we intention” among 

complementors (Bagozzi and Dholakia 2006, Coleman 2010). Various studies have suggested that a 

social identity may foster commitment and involvement. For example, in their study of Linux User 

Groups, Bagozzi and Dholakia (2006) find that users who socially identify with the user community also 

participate more actively. 

Finally, relationship management may foster desirable complementor behavior via a strategic 

alignment mechanism (Gawer and Cusumano 2002, Gulati et al. 2012, Tiwana 2014). In particular, 

relationship management may provide platform owners with a greater range for influencing 

complementors’ goals, for example in terms of the market niches they target or the technologies they use. 

As complementors are usually legally autonomous, a platform owner can hardly enforce system-level 
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goals by hierarchical means (Gulati et al. 2012).  However, the alignment on a system-level goal might be 

crucial for platform-vs-platform competition (Gawer and Cusumano 2002, Gulati et al. 2012, Tiwana 

2014). 

Evidence of the effectiveness of relational governance instruments has been limited, also because 

relationships between platform owners and third parties are seldom randomly distributed. A few studies 

described the value of close partnerships between platform owners and particular complementors (Huber 

et al. 2017, Sarker, Sarker, Sahaym and Bjørn-andersen 2012, Wareham et al. 2014). Gawer and 

Cusumano (2002) and Gawer and Henderson (2007) document Intel’s approach in proactively committing 

to complementors. This paper is among the first to evaluate the effectiveness of a particular instrument, 

developer conferences.  

2.3. Developer Conferences 

In this paper, we study a particular instrument of relational governance, developer conferences. 

Developer conferences have been described anecdotally (Coleman 2010), yet this paper is the first to 

evaluate their effect on attendees. As a means of relationship management, conferences have been studied 

in accounting and finance (e.g., Bushee et al. 2011, Green et al. 2014). These studies focus on investor 

conferences, in terms of conferences that bring company executives together with stock market analysts 

(Green et al. 2014). Findings suggest analysts to make predictions regarding firm performance that are 

more accurate following the conference, pointing toward the decisive role of conferences for their work 

outcomes (Bushee et al. 2011, Green et al. 2014). Other researchers studied the effects of academic 

conferences, suggesting that presenting authors’ papers benefit from greater visibility after the conference 

(de Leon and Mcquillin 2016). This paper documents studies conferences that bring platform owners and 

complementors together, and evaluates the influence such conferences have on the outcomes of its 

attendees. 
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3. DATA AND METHOD 

3.1. Context: Apple’s World Wide Developer Conference 

Since 1983, Apple annually stages a five-day conference in California, the “Apple Worldwide 

Developers Conference (WWDC)”. We study WWDC 2016, which took place from June 13 to 17, 2016 

(Monday to Friday). Apple’s chief executive officer opened the conference with a keynote, which was 

covered live by major outlets, including The New York Times, The Wall Street Journal, and various tech 

blogs, in anticipation of new product announcements by Apple.4 Besides the 5,000 participants of the 

developer community, more than 1,000 Apple employees attended WWDC 2016, among them several 

Apple executives (Apple 2016a). During the conference, developers had access to more than 100 sessions 

and 150 hands-on labs, foremost regarding Apple’s iPhone operating system (iOS). Labs are one-on-ones 

with an Apple engineer for a specific topic. Lab topics included, for example, “Inclusive App Design”, 

“Building apps with HealthKit” or “App Store Guideline Redesign”. Apple offered several informal lunch 

sessions, parties, and get-togethers throughout the week. Other activities included a social event with 

dinner and open bar on the last evening of the conference. 

3.2. Identification Strategy 

Our identification strategy exploits the fact that Apple distributed tickets for WWDC 2016 via a 

random selection process (Apple 2016b).5 The randomization of the treatment, in terms of conference 

acceptance, allows us to compare the performance outcomes of registered-and-accepted developers 

(attendees) and registered-but-dismissed developers (non-attendees). Apple opened up ticket applications 

on April 18, 2016 and accepted registrations through April 22, 2016 (Apple 2016b). Eligible for 

                                                      

4 For example, see Chen et al. (2016). 

5 Apple implemented a random selection after WWDC 2013 had been sold out within two minutes, and protests had 

formed for a fair procedure (Martellaro 2013). 
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registration was any individual enrolled in Apple’s developer program.6 On April 25, 2016, Apple 

announced drawn registrants and automatically charged them with the conference fee of $1,599 via their 

accounts (Apple 2016b).7 Tickets were determined for use by the selected applicant only and required not 

be sold, resold, bartered, auctioned, or transferred in any way (Apple 2016b). The ticket charge was not 

refundable. The conference had 72% first-time attendees.8 

Figure 1 illustrates our research design. The treatment is conference attendance. Developers 

accepted for the conference are our treatment group. Developers rejected by the lottery fall in the control 

group. Please note that whereas the randomization is over the individual (i.e., the employee of the app 

developer firm attends the conference), our unit of analysis is the app developer firm. Thus, we assume 

that the treatment of the individual spills over to the firm, allowing us to observe differences in firm-level 

outcomes. For both treatment and control developers, we collected data from April to December 2016, 

which corresponds to a pre-conference period of two months and a post-conference period of five months 

with June excluded. 

3.3. Data 

Our unit of analysis is the app developer, in terms of the company that produces apps. We 

obtained an index of all app developers listed in the Apple App Store as of January 2016 from a major 

mobile analytics firm. The index encompassed 319,426 unique identifiers of app developers. Of this 

index, we randomly selected 20,000 app developers to obtain a sample that we were able to process 

further. Beginning in April 2016, we collected monthly data on our sample of app developers directly 

from Apple’s App Store (i.e., app ratings, reviews, prices, see below). 

                                                      

6 Apple published that, in total, 13 million accounts are registered for its developer program. Please note that this 

number includes non-developers, such as consultants, journalists, students, or researchers as well as developers of 

Apple platforms other than the iPhone (e.g., Mac, Apple TV). 

7 In comparison, SAP charges $2,975$ for its five-day conference “TechEd”, Facebook charged $595 for its two-day 

event  “F8”, and Google charged $900 for its three-day “I/O” (all for 2016).  

8 Wired (2016). 
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As Apple does not publish information on WWDC registrants, we sought to identify them with a 

simple survey procedure. In September 2016, we hired independent online freelancers and provided each 

of them with a randomized subset of the above listed identifiers of app developers. We asked the 

freelancers to process two tasks. First, they should obtain contact data for each developer in their batch, 

either by calling up the identifier in the App Store or by manual Google searches. Second, after obtaining 

contact data the freelancers should either call or email the particular developer with the goal to determine 

(1) whether at least one employee had registered for the WWDC 2016 ticket lottery, (2) whether at least 

one employee was drawn by the lottery, and (3) the job role of the attendant (e.g., software developer, 

marketing). The sole purpose of the instrument was to identify non-registered, registered-and-dismissed, 

as well as registered-and-accepted developers in our sample. We restricted the inquiry to three questions 

in order to simplify data collection and maximize the chances of a response. To make it more likely that 

respondents provided “true” rather than desirable answers, we followed the procedure proposed in Bloom 

and Van Reenen (2010) and camouflaged our inquiry as a student project on machine learning. We 

concluded the process within a two-week period, yielding 451 registered-and-accepted and 3,186 

registered-and-dismissed developers.9 

Such an opt-in procedure requires the careful assessment of response bias. To evaluate the 

representativeness of responses, we compared the responses with our initial sample on the variables 

collected for this study, which we summarize in Table 1 in the Appendix. Based on data available, 

responses appear observationally equivalent to our initial sample. In addition, we followed the procedure 

of Lee and Valliant (2009) by conducting logit regressions, in which we used our initial sample data to 

predict the likelihood of response. While some predictors can also be significant simply by chance, a 

pattern in this regression would provide us with an indicator of response bias. We show the logit 

                                                      

9 The participation rate was higher than we expected and might be due to the ease of response—respondents could 

send out their answers to the three questions within less than a minute. 
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estimates in Table 2 in the Appendix. In sum, neither the model nor any predictor is significant, attesting 

to the robustness of our survey procedure. 

The resulting dataset is a sample of developers that registered for the WWDC lottery and were 

either accepted or dismissed by random selection. We observed developers monthly between April and 

December 2016 with June being excluded. The resulting sample is a strongly balanced panel, including 

monthly data on 451 attendees and 3,186 non-attendees. 

3.4. Variables 

Table 1 summarizes the variables used in this study. 

Developer outcomes. We assess developer performance along three dimensions, namely app 

ratings, downloads, and prices (Ghose et al. 2013, Ghose and Han 2014, Yin et al. 2014). RATING is a 

continuous variable that holds consumers’ rating for a developer’s apps in a given month. Ratings are on a 

scale from one to five “stars”, where one star indicates a low consumer score and five stars an excellent 

score. We dropped developers from our dataset that had no rated apps. The second developer outcome is 

DOWNLOADS. Unfortunately, the App Store does not provide an exact measure of the number of 

downloads; however, in order to rate an app, a consumer must have downloaded the app. Thus, the 

quantity of ratings submitted can be considered a lower bound on consumer demand for an app (cf. Yin et 

al. 2014).10 Thus, DOWNLOADS is a count of the ratings of a developer’s apps in a given month, which 

we logged. We tracked a developer’s app prices in US-Dollar in PRICE. 

Developer behavior. Further variables capture changes in app developers’ product management 

behavior. NEWAPP is an indicator, which is one if a developer released a new app in a given month. 

MAJOR UPDPATE and MINOR UPDATE are indicators that are one if a developer release a major or 

                                                      

10 We are aware of the method proposed by Garg and Telang (2013) for inferring app demand from publicly 

available data on these apps. This method is not applicable in our case because it requires data on app ranks, in terms 

of the rank of an app in the top charts (e.g., top paid, top free, or top grossing). However, most of developers’ apps 

in our sample are not consistently ranked. 
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minor update in a given month, respectively. Major updates usually mark considerable changes to an app 

like new features, content, or capabilities. Minor updates mark bug fixes or performance improvements. 

We inferred major and minor updates from app version numbers, where integer increases represent major 

changes and decimal increases represent minor changes made to an app (similar to Boudreau 2010, 

Tiwana 2015). 

Technical knowledge transfer mechanism. To assess whether technical knowledge transfer is 

decisive, we relied on the information on the job role of attendees collected via our survey instrument. 

Attendees with a job role in software development (e.g., lead developer, architect, user interface 

specialist) should be more susceptible to technical knowledge provided at the conference, at least when 

compared to attendees who have a role in sales or business development. The variable TECHIE is one if 

an attendee had a job role related to software development and zero otherwise.  

Community mechanism. To assess social exchanges among developers, we matched our data 

with additional data on attendees’ participation in social activities during the conference. WWDC has 

several side-events, including “sf/MacIndie”, “Beard Bash”, or “Button Selfie Soirée”.11 Amongst these, 

“sf/MacIndie” promotes itself as the “premier networking event that kicks off WWDC”.12 It is located a 

three-minute footpath apart from the conference and can be attended by any WWDC attendee, yet asks 

for an informal registration (RSVP / ”répondez s'il vous plait”). We collected the RSVP for “sf/MacIndie” 

and matched them with our list of WWDC attendants. We then added the indicator PARTY, which is one 

if a developer submitted an RSVP for the networking event, and zero otherwise. 

Strategic alignment mechanism. To study strategic alignment, we assessed whether developers 

implemented technologies into their apps that Apple pronounced as strategic during the conference. To do 

so, we first identified technologies that Apple covered in the conference keynote and the “Platforms State 

                                                      

11 https://web.archive.org/web/20170214085427/https://2016.wwdcparties.com/parties/.   

12 https://web.archive.org/web/20170214085457/http://sfmacindie.com/.  

https://web.archive.org/web/20170214085427/https:/2016.wwdcparties.com/parties/
https://web.archive.org/web/20170214085457/http:/sfmacindie.com/
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of the Union” presentations. Both presentations are held by Apple executives and provide information on 

recent advances of the iPhone platform. We obtained transcripts of the presentations directly from 

Apple’s web site.13 We removed fill words (“the”, “it” etc.) and then counted word occurrences. We then 

computed the word frequencies in the transcripts. From the 200 most frequent terms in the text, we 

removed any term not representing an iPhone-related Apple technology. This process resulted in a list of 

the four Apple technologies we show in Table 3 in the Appendix (i.e., Swift, Siri, WatchOS, and 

iMessage). In a second step, we sought to identify whether developers implemented any of the four 

technologies into their apps after the conference. To do so, we collected release notes (or changelogs) that 

developers publish with each update of their app (cf. Kemerer and Slaughter 1999). In the release notes, 

we then counted the occurrence of the terms “swift”, “siri”, “watchos”, and “imessage”. Four variables 

resulted from this procedure. SWIFT, SIRI, WATCHOS, and IMESSAGE are indicators that are one if 

the release note contained the word “swift”, “siri”, “watchos”, and “imessage”, respectively. 

As a second proxy of strategic alignment, we exploited information on the compatibility of 

developers’ apps with particular versions of the iPhone platform (e.g., “Requires iOS 7.1.1”, “Requires 

iOS 10”). Compatibility is usually a trade-off. Greater compatibility means being able to implement latest 

capabilities of the platform, but comes at the cost of a lower potential reach of consumers being able to 

install the app. UPGRADE is a binary that is one if an app developer altered the compatibility of its apps 

in terms of requiring a later version of the platform to function properly. 

Table 2 and Table 3 describe our sample along these variables. 

                                                      

13 https://web.archive.org/web/20170214085537/https://developer.apple.com/videos/play/wwdc2016/102/.  

https://web.archive.org/web/20170214085537/https:/developer.apple.com/videos/play/wwdc2016/102/
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4. RESULTS 

4.1. Consequences of Conference Attendance 

4.1.1. Main Results 

We begin by estimating whether conference attendance altered key developer outcomes, in terms 

of DOWNLOADS, RATING, and PRICE. For this purpose, we use a standard difference-in-differences 

(DID) specification: 

𝑌i,t= β
0
+β

1
AFTER𝑡 x WWDC𝑖 + Vi+ Τt + ϵi,t (1) 

where Yi,t is the dependent variable of interest in month t for developer i, AFTERt equals 1 if 

month t is after the conference, WWDCi is an indicator variable for whether developer i is in the 

treatment group, Vi are developer fixed effects and Tt are month fixed effects.14 The DID coefficient of 

interest is β1, which can be interpreted as the relative change of the treatment group compared to the 

control group, caused by the treatment, i.e., WWDC attendance. We cluster heteroskedasticity-robust 

standard errors at the developer level to adjust for the panel structure of the data. 

Table 4 shows the DID estimates. Model 1 shows that, other things being equal, conference 

attendance increases attendees’ app ratings by 1.9% on average. In Model 2, we observe that, other things 

being equal, conference attendance increases downloads of attendees’ apps by 8.9% on average. Model 3 

indicates no significant effects for app prices. To encounter issues of autocorrelation, as suggested by the 

literature on DID designs (Angrist and Pischke 2009, Bertrand et al. 2004), we block bootstrap the 

standard errors. The results are available in Table 4 in the Appendix. The bootstrapped estimates do not 

differ substantially from the ones of our main estimations. In sum, we observe that attendees benefit from 

attending the conference. In the months following the conference, their products increase in ratings and 

downloads. 

                                                      

14 Developer and month fixed effects absorb the main effects of AFTER and WWDC.  
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4.1.2. Robustness and Persistence of Main Results 

The above estimations are based on several assumptions that we seek to assess before discussing 

potential theoretical explanations. First, we want to assess the identifying assumption of the DID design, 

namely pre-treatment homogeneity between treatment and control groups. Heterogeneity might be a 

methodological artifact that derives from the limitations of survey methods in eliciting “true” responses. 

Even if the responses reflected the true randomization procedure, it has long been recognized that in any 

particular random allocation there might be differences across groups (Bruhn and McKenzie 2009). In 

any case, both groups require careful comparison, as we did not control the randomization procedure 

directly. Data in Table 5 describes attendees and non-attendees along the variables used in this study. We 

do not observe significant differences. We also assessed whether attendees and non-attendees are on 

different time trends prior the conference. We followed Bertrand et al. (2004) and estimate models where 

we interact a continuous time indicator (TREND) with the treatment indicator for the pre-conference 

periods. A significant coefficient of TIME TREND x WWDC would cast doubt on our assumptions. 

Table 6 shows the results of this procedure, which remain consistent with our assumption of parallel 

trends between attendees and non-attendees. 

Another concern may be the existence of a Hawthorne effect, in which a policy has an ephemeral 

impact due to heightened perceived or real attention rather than true manipulation. We followed the 

procedure of Pierce et al. (2015) to assess the temporal persistence of the treatment effects. To do so we 

adjust our DID model to allow for month-specific treatment effects. Econometrically, we execute the 

following equation: 

𝑌i,t= 𝑝′[WWDC𝑖 x Τt]  + Vi+ Τt + ϵi,t (2) 

where Yi,t is the dependent variable of interest in month t for developer i, WWDCi indicates 

whether developer i attended the conference. The coefficient of interest is p’, which can be interpreted as 

the treatment effect in month t. Table 7 shows the resulting estimates. We observe continuously 

significant and positive effects on RATING and DOWNLOADS over the post-conference months. 
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Regarding PRICE, we conclude that there seems to be no significant treatment effect throughout the post-

conference periods. 

Finally, due to the possibility of false positives in DID models (Bertrand et al. 2004), we 

implemented placebo tests, in which we randomly assigned a treatment variable to developers in our 

dataset, and then estimated our primary models for each dependent variable. We repeated this procedure 

sixty times. We summarize the results in Figure 3. At most, one or two placebo models produce 

marginally significant coefficients, and all are smaller than our true data estimates. 

4.2. Selection among Developers vs. Changes in Developer Behavior 

Through which mechanism does the conference lead to increases in ratings and downloads? One 

possibility is that Apple uses the conference to identify and select app developers. The conference may 

give Apple superior information on app developers and their products. In particular, it may enable Apple 

to actively “scout” high potentials or dismiss low potentials, eventually allowing a better curation of 

complements. The alternative explanation is that the conference is “treating” app developers, in terms of 

consistently influencing their behavior. 

To explore this question, we first focused on separating selection from treatment by running pairs 

of regressions for each of the three dependent variables RATING, DOWNLOADS, and PRICE. Each pair 

encompasses one regression without developer fixed effects and one with developer fixed effects. Since 

the fixed effects model cancels out any time-invariant characteristics among app developers, any change 

in RATING, DOWNLOADS, and PRICE caused by constant characteristics should be absorbed. The 

selection effect is then the coefficient in the no-fixed effects model minus the coefficient in the fixed 

effects model. We present the estimates in Table 8. Estimates of RATING differ only marginally with and 

without developer fixed effects, as Models 1 and 2 show. Estimates of DOWNLOADS in Models 3 and 4 

indicate a difference. Still, selection constitutes a comparably small fraction of the effects. Finally, 

Models 5 and 6 show that, even when allowing for developer heterogeneity, there seems to be no 
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significant effect of conference attendance on app prices. In sum, selection on time-invariant 

heterogeneity plays some role, yet explains only a fraction of the treatment effect. 

It is reasonable to conjecture that selection might take place depending on different levels of the 

dependent variables. We repeated our primary estimations excluding observations that fell within the top 

or bottom 5% of the distributions of RATING, DOWNLOADS, and PRICE. Table 9 shows the resulting 

estimates, which remain stable in each case, speaking less for a selection mechanism. In addition, we 

might identify selection by assessing treatment effects across the distributions of RATING, 

DOWNLOADS, and PRICE. To investigate this possibility, we conducted quantile regressions (Angrist 

and Pischke 2009). Quantile regression is a method to estimate conditional quantile functions. Quantile 

regressions allow estimating the treatment effect on the conditional quantiles of our dependent variables, 

whereas OLS models the relationship between covariates and the conditional mean of a dependent 

variable Y given X. We run quantile regressions for each quantile of the distribution of RATING, 

DOWNLOADS, and PRICE, using bootstrapped standard errors. Figure 3 plots the estimated coefficients 

and associated 95% confidence intervals. Notice in Figure 3 that the effect of conference attendance is 

present for all quantiles of RATING and DOWNLOADS, with trends being an artifact of quantile 

boundaries rather than indicating substantially different treatment effects across quantiles. 

The above analyses lend little support for a selection mechanism. If the alternative explanation is 

true—i.e., the conference is leading to consistent changes in developers’ behavior—then we should be 

able to observe actual changes in developers’ behavior after the conference. In particular, we should see 

that developers adjust their product portfolio and that these adjustments relate to the observed increases in 

ratings and downloads. We begin by estimating whether attendees are more likely to release a new app 

(NEWAPP), a major update for one of their existing apps (MAJOR UPDATE), or a minor update 
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(MINOR UPDATE). Table 10 reports the estimates of a linear probability model.15 Whereas attendees are 

not more or less likely to release a new app than non-attendees, Models 2 and 3 show significant changes 

in developers’ updating behavior. All other things being equal, attendance increases the probability of a 

major update—i.e., that a developer introduces new features, functionality, or content—by 13.3% as 

Model 2 indicates. The comparably smaller and negative effects in Model 3 indicate a relocation of app 

developers’ focus from investing into minor updates toward making more major updates. Whether the 

shift toward major updates is responsible for the observed increases in ratings and downloads remains, 

however, argumentative and correlational at best, as Table 11 indicates. Table 11 reports whether 

attending developers that released a major update also show higher ratings and downloads compared to 

their non-updating counterparts. The positive and significant coefficient of the three-way interactions in 

Model 1 and 2 at least lend support for this conclusion. Yet, the evidence remains correlational, and our 

research design prohibits inferences about causality at this point. 

Taken together, it appears unlikely that selection effects are the main cause of the observed 

increases in ratings and downloads. The treatment effects vary little regarding static characteristics of app 

developers, and existed across pre-conference quantiles for ratings and downloads. It seems more likely 

that conference attendance lead to a change in developers’ behavior. We find that attendees were more 

likely to invest in new app functionality compared to non-attendees, potentially indicating a move from 

investments in maintaining the status quo toward investing in new capabilities of their products. 

4.3. Mechanisms 

If increases in rating and downloads resulted from the changed behavior of developers due to 

attending WWDC, and not selection, by which mechanisms does the conference contribute to this 

                                                      

15 As the dependent variables are binaries, logit models are usually considered more appropriate. However, as noted 

by Ai and Norton (2003), the interpretation of interaction effects in logit models is not straightforward, especially if 

the estimations include several hundreds of dummies. To address this issue, we estimated both linear and logit 

models, and then compare significance and sign of the DID coefficient. We assess the economic significance of the 

effects based on the linear estimates but note that their interpretation must be taken with caution. We show 

corresponding logit estimates in Table 5 in the Appendix, which show similar signs and significance. 
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behavioral modification? In this section, we explore three explanations—eased transfer of technical 

knowledge, exchanges among developers, and strategic alignment—using counterfactual analyses. We 

begin by assessing the plausibility of eased access to technical knowledge. If the observed effects are due 

to eased access to technical knowledge, then attendees with a development job role should be able to draw 

greater benefits for their firm, compared to attendees with a business function such as marketing, public 

relations, or management. Table 12 presents the main DID models after splitting the sample by TECHIE. 

The estimates are in line with the explanation that eased access to technical knowledge is in play. As 

Models 1 and 2 show, attendees with a non-development role show marginally lower ratings on average, 

all other things being equal. Models 3 and 4 indicate that the download-increasing effects seem to be 

limited to firms with a development attendee. As before, Models 5 and 6 remain consistent with the 

finding that regardless of attendees’ job role we do not observe changes in app prices. In sum, the above 

findings seem consistent with the proposition that eased access to technical knowledge is one of the 

drivers of the observed WWDC effects. 

Next, we assess exchanges among app developers. If exchanges are decisive, then we should 

observe that attendees who participate in social events show higher treatment effects than those staying 

away. Table 13 shows our main DID models split along PARTY. In sum, we do not observe substantial 

differences between participants and non-participants of the networking party. Estimates regarding 

RATING remain similar, as Models 1 and 2 show. While we do observe greater discrepancy between 

Models 3 and 4, the effects are only marginally significant. These results cast doubt on the explanation 

that exchanges among attending developers are decisive for the observed WWDC-effect. This observation 

requires careful interpretation. PARTY is endogenous to attendees, potentially leading to spurious 

correlations. In addition, our data does not allow observing the full picture of interactions among 

developers, and it might be likely that attendees exchange with each other aside from the networking 

event considered here. 
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Finally, we explore the likelihood of strategic alignment. If alignment is decisive, attendees 

should be more likely to invest their development resources in areas that Apple outlined as particularly 

strategic, in terms of releasing a feature for SWIFT, SIRI, WATCHOS, and IMESSAGE or, more 

broadly, predict UPGRADE. As these variables are naturally only available for the post-conference 

period, we restrict our sample to a cross-section of the post-conference period. Table 14 reports logit 

estimates. While we do not observe effects on Swift or WatchOS features, we find evidence that attendees 

are more likely than non-attendees to invest in Siri or IMessage technology.16 Model 2 indicates that, all 

other things being equal, odds of attendants are 82.3% higher to release a Siri feature, as compared to 

non-attendants. Model 4 indicates that, all other things being equal, odds of attendants are 98% higher to 

release an IMessage feature, as compared to non-attendants. In sum, these estimates lend support that 

strategic alignment plays some role. Attendees, all other things being equal, seem to be more likely to 

invest in areas pronounced as particularly strategic by Apple. We note, however, that the estimates in 

Models 2 and 4 show moderate significance, and cannot account for developer or time heterogeneity. 

5. DISCUSSION AND CONCLUSION 

Based on the analysis in the previous section, we conclude that lotteried attendees of Apple’s 

2016 “Worldwide Developer Conference” experienced a 1.9% increase in app ratings and an 8.9% growth 

in downloads, on average. As our research design addresses many issues inherent in studying these 

effects, we are confident that we have observed a genuine effect of conference attendance rather than an 

artifact of unobservable or observable correlates. This begs the question of what the results imply for 

researchers and managers. 

                                                      

16 The effects in Model 1 (SWIFT) are probably not significant because SWIFT is a general purpose programming 

language rather than a function library that developers may directly implement in their existing apps. 
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5.1. Theoretical Contributions 

The finding that attendance of WWDC 2016 improved complementor performance illustrates the 

effectiveness of relational instruments in third party governance. In contrast, prior research advocated 

selection (e.g., ranking systems, pricing) and control (e.g., exclusion, integration) as instruments of 

platform governance (Shapiro and Varian 1998, Tiwana et al. 2010). Shapiro and Varian (1998, p. 279), 

for example, recommend platform owners to “encourage a vibrant and competitive market for 

complements” and “compete with your [their] installed base, even without an external threat”. While we 

agree with these arguments, we argue that the value of pro-active, cooperative governance instruments is 

understudied. Our findings suggest that developer conferences can significantly enhance the outcomes of 

app developers. In this vein, this paper presents empirical evidence for descriptive studies on platform 

owners’ efforts in managing complementor relations (Gawer and Cusumano 2002, Huber et al. 2017, 

Wareham et al. 2014). From a broader theoretical angle, this discussion seems to support the arguments of 

Bresnahan and Greenstein (2014) that third party governance is less a question of “the” optimal policy 

toward complementors. Rather, we see the careful design of instruments that balance competition and 

cooperation with complementors as promising. 

A substantial part of our analyses sought to tease out the mechanisms that explain 

complementors’ performance gains. Although our data does not allow definite conclusions in this regard, 

we found evidence supporting the role of transferring technical knowledge and enabling the alignment 

with app developers. First, the finding that conferences ease the transfer of technical knowledge is not 

surprising given that they offer platform owners a richer channel to transfer knowledge as well as direct 

access to the sources of knowledge (Argote and Ingram 2000, Szulanski 1996). However, the finding is 

interesting because it emphasizes how important but complex knowledge transfer remains for platform 

owners. The transfer of technical knowledge seems to provide superior performance, even in our context 

that is characterized by a comparably low complex technology, namely mobile operating systems. In this 

sense, our findings offer empirical evidence for prior work that described the value of closer 
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collaborations between platform owners and third parties (Huber et al. 2017, Wareham et al. 2014). 

Second, closely related is the finding that conferences may enable to better align the goals of platform 

owners with complementors. We observed that attendees are significantly more likely to implement latest 

Apple technologies in their apps than non-attendees. On the one hand, this finding highlights a substantial 

problem of platform owners, namely to align their goals with thousands of independent third parties 

without hierarchical instruments (Boudreau and Hagiu 2009, Gawer and Cusumano 2002, Gulati et al. 

2012). On the other hand, this finding suggest a potential remedy, in terms of developer conferences, 

“town halls”, or regular meetings. As our findings illustrate, these instruments seem to play an important 

role in third party development, especially over the evolutionary life cycle of a platform. Taken together, 

both findings—technical knowledge transfer and strategic alignment—suggest that exchanges between 

complementors and platform owners are much more decisive for the observed outcomes than are 

exchanges among complementors. This conclusion is also confirmed in our analyses.  

The discussion of mechanisms begs the question of whether and how our findings generalize to 

other contexts. Whereas we expect our main result that conferences can increase complementor 

performance to be stable, it is possible that the valence of its underlying mechanisms is context-

dependent. It seems plausible, for example, that technical knowledge transfer finds greater valence in 

contexts characterized by technology that shows greater complexity than in our context of mobile 

applications (e.g., Kogut and Zander 1992). For instance, we might expect that conferences might lead to 

much greater performance increases on enterprise systems platforms (Huber et al. 2017, Wareham et al. 

2014). In addition, other contexts might also show greater importance of coordination among developers 

rather than between platform owners and complementors, such as open source platforms (Roberts et al. 

2006, Von Krogh and Von Hippel 2006). 

Apart from managing third party innovation, our study relates to work on the effects of 

conferences in general. Work in accounting and finance studied investor conferences, in terms of 

conferences that bring company executives together with stock market analysts (e.g., Green et al. 2014). 
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Findings suggest analysts to make predictions regarding firm performance that are more accurate 

following the conference, pointing toward the decisive role of proximate exchanges for their work 

outcomes (Bushee et al. 2011, Green et al. 2014). Other researchers studied the effects of academic 

conferences, suggesting that presenting authors’ papers benefit from greater visibility after the conference 

(de Leon and Mcquillin 2016). In line with these studies, our paper documents the value of such personal 

gatherings when a firm’s goal is to orchestrate the innovation outputs of others. 

5.2. Managerial Implications 

We studied a widespread and costly instrument of platform governance, developer conferences. 

Various firms hold such conferences, with Apple, SAP, Microsoft, and Oracle being only a few of them. 

Our study directly evaluated the effectiveness of developer conferences in enhancing the performance of 

complementors. We find that platform owners benefit: complementors’ apps gain in consumer demand 

and appeal. In addition, complementors are more likely to adopt latest platform technology in their 

products. However, whether these benefits outweigh the cost of conferences cannot be answered here. 

Even without taking such a cost component into account, our results suggest an actionable 

pattern. Our findings emphasize that physical, social gatherings with third parties can alter the behavior of 

complementors in ways desirable for the platform owner—even in the usually arm’s length and 

standardized settings of platforms. Thus, it might be of value for firms to actively nurture developer 

relations, also in terms of instruments similar to developer conferences, such as alignment workshops, 

social get-togethers, and coaching activities. 
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TABLES AND FIGURES 

Table 1: Variables and Definitions. 

Variable Description 

RATING Mean score given by audiences to an app, ranging from 1 to 5 “stars”, given with 

one decimal place 

DOWNLOADS Downloads for a developer’s apps as inferred from the number of consumers that 

rated the app(s), based on Yin et al. (2014) 

PRICE Price of an app in US-Dollar 

MAJOR UPDATE Indicator which is 1 if the developer released a major update in a particular 

month, as defined by release numbers (e.g., 1.0, 2.0)  

MINOR UPDATE Indicator which is 1 if the developer released a minor update in a particular 

month, as defined by release numbers (e.g., 1.1, 1.101) 

NEWAPP Indicator which is 1 if the developer released a new app in a given month 

SIZE Size of the app in Megabytes 

TECHIE Indicator which is 1 if the attendee held a technical job role (i.e., software 

engineering, architect) and 0 otherwise (i.e., business, marketing) 

PARTY Indicator which is 1 if the attendee participated in a networking party that kicked 

off the conference 

SWIFT Indictor which is 1 if the changelog of an update contained the word “swift” 

SIRI Indictor which is 1 if the changelog of an update contained the word “siri” 

WATCHOS Indictor which is 1 if the changelog of an update contained the word “watchos” 

IMESSAGE Indictor which is 1 if the changelog of an update contained the word “imessage” 

UPGRADE Indicator of the compatibility of the app toward the latest version of the platform 

AGE Mean age of apps by a developer, in months 

CATEGORY App Store category, in which the majority of a developer’s apps are published in 

(e.g., “Games”, “Social Networking”, “Finance”)  
Note: The table defines the variables used in this study. 
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Table 2: Summary Statistics.  

  
Mean S.D. Min. Max. 

25th 

percentile 
Median 

75th 

percentile 

1 Rating 3.59 0.84 1 5 2.50 3.67 4.25 

2 Log(Downloads) 3.88 1.86 2 12 1.95 3.40 4.82 

3 Price (in US-Dollar) 1.13 6.46 0 300 0.00 0.00 0.99 

4 New app 0.09 0.28 0 1 0.00 0.00 0.00 

5 Major update 0.02 0.15 0 1 0.00 0.00 0.00 

6 Minor update 0.12 0.32 0 1 0.00 0.00 0.00 

7 Swift 0.00 0.04 0 1 0.00 0.00 0.00 

8 Siri 0.00 0.06 0 1 0.00 0.00 0.00 

9 WatchOS 0.00 0.04 0 1 0.00 0.00 0.00 

10 IMessage 0.00 0.05 0 1 0.00 0.00 0.00 

11 Upgrade 0.18 0.39 0 1 0.00 0.00 0.00 

12 Age (in months) 46.63 15.41 3 88 27.00 45.00 58.11 
Note: Number of observations = 25,459. 
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Table 3: Correlations. 

   1 2 3 4 5 6 7 8 9 10 11 

1 Rating            

2 Log(Downloads) 0.06           

3 Price -0.01 0.00          

4 New app -0.02 0.01 0.00         

5 Major update 0.01 0.06 0.00 0.02        

6 Minor update 0.03 0.19 0.01 0.01 0.06       

7 Swift 0.00 0.02 0.00 0.00 0.09 0.04      

8 Siri 0.00 0.01 0.00 0.00 0.04 0.01 0.00     

9 WatchOS -0.01 0.04 0.00 0.01 0.08 0.06 0.02 0.00    

10 IMessage 0.01 0.03 0.00 0.01 0.03 0.02 0.00 0.01 0.02   

11 Upgrade 0.00 0.08 0.00 0.04 0.05 0.08 0.01 0.00 0.02 0.00  

12 Age -0.32 0.22 0.04 0.02 0.02 -0.03 0.00 0.00 0.01 0.00 0.03 
Note: Number of observations = 25,459. The table reports pairwise correlation coefficients. All correlations are 

significant at the 5% level. 
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Table 4: Main Result: Effect of WWDC Attendance on Various Outcomes. 

 (1)  

Rating 

(2)  

Log(Downloads) 

(3)  

Price 

After x WWDC .073*** 

(.008) 

.087*** 

(.019) 

.008 

(.056) 

Constant 3.930*** 

(.093) 

1.927*** 

(.198) 

-.065 

(.486) 

Specification OLS OLS OLS 

Controls Yes Yes Yes 

Developer fixed effects Yes Yes Yes 

Month fixed effects Yes Yes Yes 

Adj. R-squared .02 .08 .00 
Note: Heteroskedasticity-robust standard errors are clustered on developers and given in parentheses. N = 33,782 

developer-months. Models control for AGE, CATEGORY, as well as developer and time heterogeneity. *, **, *** 

indicate significance at the 5%, 1%, and .1% levels, respectively. 
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Table 5: Robustness: Pre-Conference Comparison of Attendees and Non-Attendees.   

Panel A: Non-attendees (N=3,186). 

 

 
Mean S.D. Min. Max. 

25th 

percentile 
Median 

75th 

percentile 

1 Rating 3.59 0.85 1 5 2.50 3.67 4.25 

2 Log(Downloads) 3.83 1.84 2 12 1.95 3.33 4.75 

3 Price 1.16 7.24 0 300 0.00 0.00 0.99 

4 New app 0.09 0.29 0 1 0.00 0.00 0.00 

5 Major update 0.01 0.10 0 1 0.00 0.00 0.00 

6 Minor update 0.11 0.32 0 1 0.00 0.00 0.00 

7 Age 46.78 15.57 3 88 27.00 45.00 58.77 

 

Panel B: Attendees (N=451). 

 

 
Mean S.D. Min. Max. 

25th 

percentile 
Median 

75th 

percentile 

1 Rating 3.59 0.89 1 5 2.50 3.63 4.30 

2 Log(Downloads) 3.81 1.88 2 11 1.95 3.39 4.73 

3 Price 0.90 2.39 0 31 0.00 0.00 0.99 

4 New app 0.09 0.28 0 1 0.00 0.00 0.00 

5 Major update 0.01 0.10 0 1 0.00 0.00 0.00 

6 Minor update 0.11 0.31 0 1 0.00 0.00 0.00 

7 Age 45.85 15.24 9 83 26.73 44.00 57.25 

 

Panel C: Non-attendees vs. Attendees. 

 
 

T-statistics of 

Differences in Means 

1 Rating -0.08 ns 

2 Log(Downloads) 0.30 ns 

3 Price 1.09 ns 

4 New app 0.52 ns 

5 Major update -0.07 ns 

6 Minor update 0.46 ns 

7 Age 1.68 ns 
Note: The Table describes control and treatment groups in terms of their pre-treatment characteristics regarding 

observational variables included in this study. *, **, *** indicate significance at the 5%, 1%, and .1% levels, 

respectively. Ns means not significant. 
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Table 6: Robustness: Time Trends in Pre-Conference Months. 

 (1)  

Rating 

(2)  

Log(Downloads) 

(3)  

Price 

Time trend .008 

(.005) 

.072*** 

(.011) 

.110 

(.096) 

Time trend x WWDC -.029* 

(.012) 

.009 

(.034) 

-.044 

(.104) 

Constant 3.582*** 

(.007) 

3.720*** 

(.016) 

.970*** 

(.126) 

Specification OLS OLS OLS 

Developer fixed effects Yes Yes Yes 

Month fixed effects No No   No 
Note: Robust standard errors are clustered on developers and given in parentheses. N = 7,274 developer-months. 

The table reports standard errors in parentheses. *, **, *** indicate significance at the 5%, 1%, and .1% levels, 

respectively. Please note that the significant coefficient of TIME TREND indicates a trend in DOWNLOADS, 

which is, however, not different for attendees. 
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Table 7: Robustness: Persistence of Conference Attendance Effects. 

 (1)  

Rating 

(2)  

Log(Downloads) 

(3)  

Price 

WWDC t-2   Omitted  

WWDC t-1 -.029* 

(.012) 

.005 

(.032) 

-.044 

(.105) 

WWDC t+1 .029* 

(.013) 

.038 

(.033) 

.027 

(.073) 

WWDC t+2 .050*** 

(.013) 

.075* 

(.034) 

-.046 

(.116) 

WWDC t+3 .069*** 

(.013) 

.104** 

(.034) 

-.059 

(.105) 

WWDC t+4 .062*** 

(.013) 

.126*** 

(.035) 

.028 

(.121) 

WWDC t+5 .084*** 

(.014) 

.105** 

(.035) 

-.021 

(.116) 

Specification OLS OLS OLS 

Controls Yes Yes Yes 

Developer fixed effects Yes Yes Yes 

Month fixed effects Yes Yes Yes 
Note: Heteroskedasticity-robust standard errors are clustered on developers and given in parentheses. N = 25,459 

developer-months. Models control for AGE, CATEGORY, as well as developer and time heterogeneity. *, **, *** 

indicate significance at the 5%, 1%, and .1% levels, respectively. 
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Table 8: Selection vs. Behavior: Effect of WWDC Attendance on Various Outcomes with and without 

Developer Fixed Effects. 

 Rating  Log(Downloads)  Price 

 (1)  (2)   (3)  (4)   (5)  (6)  

 With FE Without FE  With FE Without FE  With FE Without FE 

After x WWDC .073*** 

(.008) 

.077*** 

(.009) 

 .087*** 

(.019) 

.088*** 

(.021) 

 .008 

(.056) 

.017 

(.063) 

Constant 3.930*** 

(.093) 

4.238*** 

(.080) 

 1.927*** 

(.198) 

2.111*** 

(.143) 

 -.065 

(.486) 

.507* 

(.231) 

Specification OLS OLS  OLS OLS  OLS OLS 

Controls Yes Yes  Yes Yes  Yes Yes 

Developer FE Yes No  Yes No  Yes No 

Month FE Yes Yes  Yes Yes  Yes Yes 
Note: FE is fixed effects. Heteroskedasticity-robust standard errors are clustered on developers and given in 

parentheses. N = 25,459 developer-months. Models control for AGE, CATEGORY, as well as time heterogeneity. *, 

**, *** indicate significance at the 5%, 1%, and .1% levels, respectively. 
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Table 9: Selection vs. Behavior: Effects of Conference Attendance with Outlier Observations 

Removed. 

 (1)  

Rating 

(2)  

Log(Downloads) 

(3)  

Price 

After x WWDC .076*** 

(.008) 

.086*** 

(.019) 

-.011 

(.026) 

Constant 3.916*** 

(.095) 

2.094*** 

(.195) 

.202 

(.285) 

Specification OLS OLS OLS 

Controls Yes Yes Yes 

Developer fixed effects Yes Yes Yes 

Month fixed effects Yes Yes Yes 

Adj. R-squared .02 .07 .01 

N 24,354 24,354 24,354 
Note: Heteroskedasticity-robust standard errors are clustered on developers and given in parentheses. Observations 

are developer-months. Models control for AGE, CATEGORY, as well as developer and time heterogeneity. *, **, 

*** indicate significance at the 5%, 1%, and .1% levels, respectively. 
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Table 10: Selection vs. Behavior: Effects of Conference Attendance on Developer Behavior. 

 (1)  

New app 

(2)  

Major update 

(3)  

Minor update 

After x WWDC .008 

(.012) 

.132*** 

(.006) 

-.029* 

(.011) 

Constant .023 

(.046) 

.034 

(.024) 

.056 

(.045) 

Specification LPM LPM LPM 

Controls Yes Yes Yes 

Developer fixed effects Yes Yes Yes 

Month fixed effects Yes Yes Yes 

Adj. R-squared .00 .03 .01 
Note: LPM means linear probability model. Heteroskedasticity-robust standard errors are clustered on developers 

and given in parentheses. N = 25,459 developer-months. Models control for AGE, CATEGORY, WORDS IN 

RELEASE NOTES, as well as developer and time heterogeneity. *, **, *** indicate significance at the 5%, 1%, 

and .1% levels, respectively. 
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Table 11: Selection vs. Behavior: Effect of WWDC Attendance on Various Outcomes Split by Major 

Update. 

 (1)  

Rating 

(2)  

Log(Downloads) 

(3)  

Price 

After x WWDC .068*** 

(.008) 

.078*** 

(.018) 

.019 

(.058) 

Major update -.008 

(.018) 

.004 

(.045) 

-.090 

(.087) 

After x Major update -.082* 

(.037) 

-.090 

(.071) 

.029 

(.111) 

WWDC x Major update .023 

(.021) 

.039 

(.052) 

.025 

(.108) 

After x WWDC x Major 

update 

.103** 

(.038) 

.104 

(.076) 

-.046 

(.144) 

Constant 3.929*** 

(.093) 

1.926*** 

(.198) 

-.062 

(.486) 

Specification OLS OLS OLS 

Controls Yes Yes Yes 

Developer fixed effects Yes Yes Yes 

Month fixed effects Yes Yes Yes 

Adj. R-squared .02 .08 .00 
Note: Heteroskedasticity-robust standard errors are clustered on developers and given in parentheses. N = 25,459 

developer-months. Models control for AGE, CATEGORY, as well as developer and time heterogeneity. *, **, *** 

indicate significance at the 5%, 1%, and .1% levels, respectively.  
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Table 12: Effect of WWDC Attendance on Various Outcomes Split by Attendees’ Job Role. 

 Rating  Log(Downloads)  Price 

 (1)  (2)   (3)  (4)   (5)  (6)  

Sample No Techie Techie  No Techie Techie  No Techie Techie 

After x WWDC .062** 

(.019) 

.076*** 

(.009) 

 -.017 

(.041) 

.108*** 

(.020) 

 -.040 

(.056) 

.015 

(.058) 

Constant 3.946*** 

(.099) 

3.934*** 

(.092) 

 1.949*** 

(.207) 

2.023*** 

(.198) 

 -.413 

(.515) 

-.116 

(.505) 

Specification OLS OLS  OLS OLS  OLS OLS 

Controls Yes Yes  Yes Yes  Yes Yes 

Developer FE Yes Yes  Yes Yes  Yes Yes 

Month FE Yes Yes  Yes Yes  Yes Yes 

Adj. R-squared .01 .02  .07 .07  .00 .00 

N 22,813 24,948  22,813 24,948  22,813 24,948 
Note: FE denotes fixed effects. Heteroskedasticity-robust standard errors are clustered on developers and given in 

parentheses. Observations in developer-months. *, **, *** indicate significance at the 5%, 1%, and .1% levels, 

respectively. 
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Table 13: Effect of WWDC Attendance on Various Outcomes Split by Attendees’ Party Attendance.  

 Rating  Log(Downloads)  Price 

 (1)  (2)   (3)  (4)   (5)  (6)  

Sample No Party Party  No Party Party  No Party Party 

After x WWDC .071*** 

(.008) 

.089*** 

(.021) 

 .084*** 

(.019) 

.111 

(.058) 

 .006 

(.057) 

.018 

(.064) 

Constant 3.936*** 

(.094) 

3.948*** 

(.103) 

 1.956*** 

(.199) 

1.811*** 

(.218) 

 -.066 

(.494) 

-.342 

(.525) 

Specification OLS OLS  OLS OLS  OLS OLS 

Controls Yes Yes  Yes Yes  Yes Yes 

Developer FE Yes Yes  Yes Yes  Yes Yes 

Month FE Yes Yes  Yes Yes  Yes Yes 

Adj. R-squared .02 .01  .07 .08  .00 .00 

N 25,067 22,694  25,067 22,694  25,067 22,694 
Note: FE denotes fixed effects. Heteroskedasticity-robust standard errors are clustered on developers and given in 

parentheses. Observations in developer-months. *, **, *** indicate significance at the 5%, 1%, and .1% levels, 

respectively.  
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Table 14: Effect of WWDC Attendance on Implementation of Platform Functionality. 

 (1) 

Swift 

(2)  

Siri 

(3)  

WatchOS 

(4)  

IMessage 

(5)  

Upgrade 

WWDC -.002 

(.003) 

.026** 

(.010) 

-.003 

(.003) 

.027** 

(.009) 

.000 

(.025) 

Constant .004 

(.003) 

.019** 

(.007) 

.003 

(.004) 

.015* 

(.006) 

.248*** 

(.026) 

Specification LPM LPM LPM LPM LPM 

Controls Yes Yes Yes Yes Yes 

Adj. R-squared .00 .00 .00 .00 .02 

N 3,637 3,637 3,637 3,637 3,637 
Note: Heteroskedasticity-robust standard errors in parentheses. Controls are AGE and CATEGORY. N is given in 

developers. *, **, *** indicate significance at the 5%, 1%, and .1% levels, respectively. 
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Figure 1: Timeline of the Empirical Study. 

 
Note: The figure shows the timeline of our study. 

  



Developer Conferences  

44 
 

Figure 2: Summary of Treatment Coefficients from Placebo Tests. 

 
 

 

 

 
Note: The figure presents the coefficient of the treatment effect (AFTER x WWDC) on the y-axis for 60 regressions, 

in which we simulated a randomly assigned placebo treatment. The square-symbol indicates the beta of our main 

estimation; the diamonds indicate the beta of the placebo regressions. 
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Figure 3: Quantile Regression Plots of Conference Attendance Effects. 

  

 

 

 
Note: The figure presents the treatment coefficients of different quantiles (x-axis) for RATING (top), 

LOG(DOWNLOADS) (mid), and PRICE (bottom). 


