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Abstract 

Understanding the factors that affect the rate and direction of technical change has been a 

central aim of research in the study of science and innovation for more than a half-century.  

Although substantial evidence exists regarding the policies and institutions that affect the 

rate of knowledge accumulation, substantially less is known about factors that affect the 

direction of inventive activity. We examine how a change in the cost of access to 

knowledge influences the direction of inventive activity by exploiting the hack of 

Microsoft Kinect as an exogenous event that resulted in a sudden, unexpected, and 

substantial reduction in the cost of motion-sensing research technology. To estimate 

whether this shock induces changes in scientists’ research trajectories, we employ novel 

measures based on machine learning (topic modeling) techniques as well as traditional 

measures based on bibliometric indicators of knowledge accumulation Our analysis 

demonstrates that the Kinect shock increases the diversity of research of both incumbents and 

entrants in motion-sensing and that the effect is greater for entrants than for incumbents. 

Importantly, the increase in diversification of entrants is not fully explained by diversification 

into motion-sensing. Rather, entrants diversify their research even in projects that do not 

directly use motion-sensing. Our results paint a picture in which a reduction in the cost of 

research tools increases the breadth of research activity, expanding the trajectories of scholars 

both inside and outside of the affected area.  
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I. Introduction 

In 2011, Peter Thiel, the high-profile founder of PayPal and Palantir turned technology investor, 

famously published an investment manifesto with the subtitle, “We wanted flying cars, instead we 

got 140 characters.”  This provocative remark on contemporary technological evolution highlights 

a first order question regarding why innovation takes the direction that it does.  However, since 

the NBER’s seminal publication of the volume, The Rate and Direction of Inventive Activity in 

1962 (NBER, 1962; Lerner & Stern, 2012), researchers have made more progress in studying 

drivers of the rate than the direction of inventive activity (Acemoglu, 2012).  In this paper, we 

contribute to addressing this deficit by investigating the impact of research technology, an 

increasingly salient yet understudied input in knowledge production, on the direction of knowledge 

creation in ideas space. 

Interest in understanding the factors that affect the rate and direction of technical change 

has been sustained for more than a half century because of the central importance of knowledge 

for economic growth and interest of public policy in supporting the accretion of ideas-driven 

growth (Solow, 1956; Nelson, 1962; Romer, 1990; Lerner and Stern, 2012).  The difficulties 

associated with obtaining socially optimal levels of innovation have been long understood to arise 

from difficulties with appropriability and indivisibility, which yield externalities and fixed costs 

that negatively affect initial inventors relative to subsequent inventors and result in 

underinvestment in innovation (Arrow, 1962; Scotchmer, 1991). 

More recently, scholars have clarified that these distortions affect the rate of technical 

advance in part by affecting its direction.  Acemoglu (2012) demonstrates that market incentives, 

as currently crafted around intellectual property protection policies, yield underinvestment in 

research diversity relative to the social optimum. In turn, this leads to excessive concentration of 

innovation in the types of technologies that offer rents in the near term at the expense of alternative 

approaches that may yield higher returns in the long term. Bryan and Lemus (2017) further 

underscore this point, noting that suboptimal investment in diversity arises even in the absence of 

intellectual property policy interventions.  Together, this work paints a somewhat pessimistic 

picture regarding the relationship between research diversity and economic growth.  On the more 

optimistic side, Acemoglu (2012) suggests that the underprovision of commercial incentives for 

diversity in invention may be mitigated, though not fully, through diversity in basic science 

research, which serves as an input into commercial innovation and for which the incentives for 
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diversity are not dampened by commercial imperatives.  Indeed, Aghion, Dewatripont, and Stein 

(2008) argue that, “the private sector's ownership of a given idea will not yield as diverse an array 

of useful next-generation ideas as would be generated in academia” (p. 630), since firms’ 

incentives for commercial success impose constraints on their researchers’ choices while 

academia’s commitment to freedom in project selection enables its researchers to choose across 

broad sets of scientifically feasible research lines.   

Project selection in academia is not, however, entirely free of constraints. First, the 

incentive system in academia gives rise to numerous concerns relative to freedom of project 

selection, including reputation considerations, personal satisfaction, financial remuneration, and a 

number of other more eclectic considerations (Merton, 1957; Stephan, 1996). For example, 

scholars target their research for certain journals in response to monetary awards (Franzoni et al, 

2011) and reputation benefits associated with such publications, in an attempt to secure grants as 

urged by universities (Stephan, 2012) or to meet tenure requirements. Second, competition in ideas 

space and the expansion of the knowledge frontier forces researchers to specialize in increasingly 

narrower niches (Jones, 2009; Agrawal, Goldfarb and Teodoridis, 2016) and to move away from 

crowded research areas (Borjas and Doran, 2013). Third, external factors such as science and 

innovation policies, firm and government investments, market demand-pull factors, and features 

of local research environments, including geographic endowments and firm policies, can also 

affect researchers’ choice of projects (Dasgupta and David, 1994; Cockburn and Henderson, 1994, 

1996). For example, massive research commitments, such as the Manhattan Project, the War on 

Cancer, and the Large Hadron Collider at CERN, accelerate the rate of knowledge generation, 

although their impact on research direction is less clear.  Such projects may increase research 

diversity by bringing together scholars from different areas and enabling broad exploration to solve 

specific problems, but a focus on achieving particular research and solving specific questions may 

limit inquiry to more narrow research trajectories. 

An important but not fully understood factor that influences freedom of project selection 

in academia, is the cost of research materials and tools.  Mokyr (2002) details the salient influence 

of technology in general and research technology in particular in affecting the cost of access to 

knowledge. Mokyr (2002) argues that the cost of tools is important for research progress and 

project selection, since they affect the ability to access and leverage knowledge, the existence of 

which does not guarantee that such knowledge can be accessed and put to productive use.  At the 
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extreme, some research questions cannot be addressed at all in the absence of sufficiently well-

developed research tools, since the cost of their use is effectively infinite prior to their 

development.  For example, inquiry in astronomy and multiple areas of physics were deeply 

constrained prior to the invention of the telescope in the early 1600s (Van Helden, 1975) and the 

invention of the microscope and its improvements by Hooke in the 1660s and van Leeuwenhoek 

in the 1670s famously initiated the field of microbiology (Gest, 2004).  More recently, Furman 

and Stern (2011) demonstrate that changes in the institutional regime that facilitated access to 

biomedical material at lower cost led to an increase in researchers’ propensity to use knowledge 

associated with those materials.  Similarly, Murray et al. (2016) document that the NIH-led 

elimination of IP restrictions on sharing genetically-engineered mice led to an increase in the 

number of academic publications that draw on knowledge associated with those mice.  In addition 

to demonstrating an increase in the rate of knowledge production once the costs of access to 

research technology decline, each paper provides suggestive evidence relating increased access to 

research tools and diversity in research. 

In this paper, we investigate how the cost of research technology impacts the direction of 

innovation.  In particular, we ask two questions related to the diversity of research lines:  First, to 

what extent does a reduction in the cost of using a research tool affect the diversity of scientists’ 

research trajectories?  Building on the models developed by Aghion, Dewatripont and Stein 

(2008), and Murray et al. (2016), we argue that the impact on research diversity of changes in the 

cost of research tools will depend on the location of researchers in knowledge space, i.e., either 

inside or outside of the area affected by the change in research costs.  Thus, our second research 

question asks whether reductions in the cost of research tools differentially affect researchers as a 

function of their location in knowledge space.   

Aghion, Dewatripont and Stein (2008) “emphasize control-rights considerations, and argue 

that the fundamental trade-off between academia and the private sector is one of creative control 

versus focus.” Murray et al. (2016) build on Aghion, Dewatripont and Stein (2008) to consider the 

role of openness in academia.  Their model is centered around the role of a manager (of research 

lines). The more early-stage the research on each line, the lower the probability the manager will 

have vision to see where the line is going and, hence, direct researchers to pursue the line further. 

The lower that probability, the higher the freedom of researchers to move from one research line 

to another. The authors provide empirical support for their predictions by finding that the 
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elimination of restrictions on sharing genetically-engineered mice leads to an increase in the 

overall rate of new publications and in the arrival of new researchers on academic publications 

citing the use of mice. 

Building on this model, we argue that a large reduction in cost of research technology, as 

defined in Murray et al. (2016), would lead to an increase in diversity in research output at the 

individual researcher level and that the effect would be most pronounced for researchers initially 

outside the area most directly affected by the research cost shock. We further argue that the 

increase in diversity of outside-area researchers moves beyond direct engagement with the 

knowledge area of the research technology since access to a new knowledge area increases the 

possibility of novel recombinations (Uzzi et al., 2013) and, thus, new lines of inquiry. Our study 

adds to the efforts pioneered by Aghion, Dewatripont, and Stein (2008) and Murray at al. (2016) 

by (1) moving the analysis to the individual level and thus directly estimating the impact on 

individuals’ diversity in research output, (2) explicitly distinguishing between within-area and 

outside-area researchers (incumbents and entrants), as well as entry after the reduction in cost, (3) 

moving beyond diversification effects that are directly attributable to citing the opened knowledge, 

to broader diversification implications triggered by the openness, and (4) providing evidence from 

a reduction in cost of research technology, rather than change in intellectual protection regime.  

We add, as well, by developing novel measures of research diversity based on topic modeling 

algorithms that complement more traditional metrics, such as author-generated keywords or static 

keyword libraries. 

Identifying a relationship between changes in the cost of research technology and the 

direction of inventive effort is difficult because numerous unobservable factors are likely 

associated with both changes in the cost of such tools and the evolution of research lines.  In order 

to generate causal insights regarding the consequences of changes in research technology costs on 

idea recombination, we need an instrument that is correlated with such changes but not correlated 

with factors affecting research trajectories other than through their effect on the cost of research 

equipment.  Building on Teodoridis (2017), we propose that the introduction of the Microsoft 

Kinect gaming system provides just such a shock to the cost of tools in motion sensing research.  

Kinect was launched in November 2010 as an add-on device for Microsoft's Xbox 360 

gaming console.  Whereas prior gaming systems required the use of handheld controllers to interact 

with games, Kinect employed motion sensors to track gamers’ physical movements (e.g., punching 
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or kicking motions) to enable them to interact with the Xbox using only their bodies to control 

gameplay.  Soon after Kinect’s launch, hackers developed and released through the open source 

community a driver that enabled devices other than the Xbox to interact with Kinect, thus making 

it possible for scholars in electrical engineering, computer science, and electronics to harness 

Kinect’s motion sensing data for use in research applications.  The launch and hacking of Kinect 

reduced the cost of motion sensing technology by an order of magnitude, from multiple thousands 

of dollars to approximately $150 (Teodoridis, 2017). 

In this paper, we consider the introduction of the Kinect system to be a plausibly exogenous 

shock, as its value to scientific research was neither a consideration nor a motivation for 

Microsoft’s development of the tool nor was it anticipated by the research community.  Indeed, 

Microsoft was taken by surprise by the research response to Kinect and initially worked actively 

to prohibit the introduction of an open source Kinect driver.  We utilize the Kinect shock in 

difference-in-differences estimation to ascertain the impact of its introduction on measures of 

researcher-level project choice in domains of computer science and electrical and electronics 

engineering research.  We employ both traditional measures of research direction and we introduce 

more novel measures of diversification based on machine learning algorithms of topic modeling. 

The latter have the advantage of avoiding concerns of strategic behavior of researchers and the 

rather rigid and static-over-time nature of bibliographic taxonomies.   

To develop a dataset to enable our analysis, we begin with the Institute of Electrical and 

Electronics Engineers (IEEE) Xplore database, a curated database that includes published and 

conference papers in electrical engineering, computer science, and electronics.  We compile 

individual researcher histories using curated (and checked) IEEE author identifiers.  We 

distinguish between researchers who had been active in motion-sensing research prior to the shock 

and those who enter after the shock. 

Our first results demonstrate evidence of an increase in the rate of innovation triggered by 

the launch of Kinect.  This (a) ensures our setting is not an outlier to already established effects of 

an increase in rate following a reduction in cost and (b) estimates the economic impact of our 

setting.  We find evidence of a 41% increase in the average number of publications of researchers’ 

active in motion-sensing prior to and following the Kinect shock, a significant increase in 

productivity of one for every two initial publications. The effect is greatest for the outside-area 

researchers and represents a 70% increase or four additional publications for every five before the 
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shock.  Importantly, the effect is not fully explained by publications that references motion-

sensing, the area of the cost reduction.  Rather, outside-area researchers experience a 40% growth 

in their production of publications outside motion-sensing after the launch of Kinect, suggesting 

that the research technology acts as a conduit to opportunities for knowledge creation beyond the 

area of the cost reduction.  

Next, we turn to measures of knowledge diversification to attempt to get an understanding 

on the type of innovation researchers undertake as a result of access to research technology. 

Measuring such effects is challenging since, by definition, capturing the direction of innovation 

requires capturing changes in an otherwise ever evolving multidimensional ideas space. In other 

words, in order to estimate changes in research trajectories one first needs to define boundaries of 

research trajectories. However, this creates a paradox as boundaries of research trajectories are 

part of the core unknown to be estimated. We propose novel measures based on topic modeling 

analysis in unassisted machine learning that capture the latent categorization of academic 

publications without relying on an ex-ante, pre-imposed, structure. We also include more 

traditional measures based on observable characteristics of academic publications: a measure of 

diversification based on a stable taxonomy maintained by the IEEE, a count of new authors and a 

count of new publication outlets. Each measure involves advantages and disadvantages that we 

discuss further in the analysis below. Although each measure captures somewhat different 

attributes of diversification, we believe that, taken together, they provide an informative window 

into the effects of the cost reduction on the direction of innovation. 

The results indicate an average increase in diversification of research output at the 

individual level across all our measures. The estimates indicate a disproportionate increase of 0.60 

to 0.74 topics (out of approximately 50) in the publication portfolio of researchers who had been 

active in motion-sensing research prior to and following the Kinect shock. These researchers also 

experience a 34% disproportionate increase in the number of yearly new coauthors and a 38% 

increase in the number of yearly new publication outlets. Next, following the theoretical insights 

in Aghion, Dewatripont, and Stein (2008) and Murray at el. (2016), who propose that, under 

conditions of open access to research tools, researchers from more distant knowledge arenas will 

have greater opportunities to move to new projects and increase research line diversity, we 

separately consider the effect of Kinect on within- and outside-area researchers. We define within-

area researchers as incumbents in motion-sensing research (before the launch of Kinect). In line 
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with the prediction in Aghion, Dewatripont and Stein (2008) and Murray at el. (2016) we find that 

outside-area researchers exhibit a higher increase in diversity. Specifically, outside-area 

researchers experience an increase of about one additional category (out of approximately 50) in 

the diversification of their research portfolios, a 47% to 49% increase in research portfolio 

diversification, while within-area researchers experience a 6% to 7% increase. Furthermore, 

outside-area researchers increase the number of new yearly coauthors by 48% (1.11 additional new 

coauthors) and the number of new yearly publication outlets by 49% (1 in 3 new publication 

outlets), while within-area researchers increase their number of new coauthors by 8% and that of 

new publication outlets by 10%. The increase in diversification of outside-area researchers is not 

fully explained by diversification into motion-sensing. Specifically, while the reduction in cost of 

research technology increases the possibility for outside-area researchers to engage with projects 

in the knowledge area of the cost reduction (Murray et al., 2016), it also increases the probability 

of generating novel combinations that could open new lines of injury. Indeed, we find that the 

effect on diversification persists, with only small reductions in magnitude, when eliminating post-

Kinect motion-sensing publications from the portfolio of outside-area researchers.  

We interpret these results as evidence that a reduction in the cost of research technology 

acts as a conduit to increased diversity in research trajectories, which Acemoglu (2002) suggests 

as a desirable outcome for economic growth.  Our analysis underscores the central role played by 

research tools in knowledge production and sheds light on the processes by which research 

trajectories evolve.  Understanding these processes is important for research in the economics and 

sociology of science and the study of the strategic management of science-based organizations. In 

addition to direct welfare implications, factors influencing the evolution of research trajectories 

are important because of the complex interplay of financial incentives, career incentives, 

institutional features, and researcher preferences on the construction and maintenance of research 

communities and on the development and evolution of invisible colleges (Crane, 1969; David and 

Dasgupta, 1994, Stephan, 1994; Stern, 2004). Furthermore, factors influencing the direction of 

research are particularly salient for the study of strategic behavior of science-based organizations, 

including research laboratories in both private firms and universities. Just as project selection and 

the identification of niches for specialization are important for private firms competing for profits, 

investments in resources that affect the direction of knowledge creation should be important for 
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academic institutions and research laboratories competing for reputation and opportunities for 

knowledge creation.  

 

II. Kinect 

The shock to research costs that we examine in this paper appears unusual at first glance:  It is the 

result of the unexpected impact of Microsoft’s successful launch of a controller-free video game 

system designed to compete with rival products launched by Nintendo and Sony. In the two months 

following Kinect’s launch on November 4, 2010, Microsoft sold an average of more than 8 million 

units (>130,000 Kinect units per day), outpacing the iPhone and the iPad to become the Guinness 

World Records’ all-time fastest-selling consumer electronic device (Bilton, 2011).  The surprise 

that makes Kinect valuable for our research context is not, however, its commercial success, but 

its wide-ranging and near-immediate impact on scholarship in motion-sensing, computer vision, 

and related areas of inquiry.  In the sections that follow, we trace the history of Kinect and outline 

its applicability to various research communities. 

 

II.1.  Microsoft’s introduction of the Kinect system 

In November 2010, Microsoft introduced the Kinect system for its Xbox video game console with 

the aim of competing with hand-held gesture recognition remotes introduced previously by 

Nintendo (Wii) and Sony (PlayStation).  With the Kinect, Microsoft attempted to leapfrog its video 

console rivals by creating the first hands-free controller for electronic devices, a game controller 

system that responded to the natural movements of the player.  The Kinect system was comprised 

of a color (RGB) camera, a depth sensor, and a multi-array microphone.  These physical features, 

along with pattern recognition software, enabled Kinect to recognize in three dimensions the 

movements and facial expressions of multiple individuals and acknowledge and distinguish their 

voice commands (Zhang, 2012).  The Kinect system translated this motion-sensing information 

into actions enabling players to control game play.  The result was a smashing commercial success. 

In addition to being a treat for video gamers, Kinect also offered a feast for hackers, who 

descendedupon the system upon its release with the aim of developing code that would enable 

users to access the vast data obtained by Kinect’s sensors and link it to other devices, especially 

Windows-based computers.  These efforts received a twofold infusion of interest on Kinect’s 

launch day.  First, Adafruit Industries, a manufacturer of do-it-yourself electronics kits operated 
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by recent alumni of MIT’s Media Lab, Limor Fried and Phillip Torrone, offered a $1,000 prize for 

the first individual or organization who posted an open-source Kinect driver to GitHub (Carmody, 

2010a).  The second spur of interest arose as a result of Microsoft’s actively (and quixotic) effort 

to thwart the hackers.  In a same day response to Adafruit’s prize offer, Microsoft released a 

statement to CNet stating that, “Microsoft does not condone the modification of its products… 

[and will] …work closely with law enforcement and product-safety groups to keep Kinect tamper-

resistant” (Terdiman, 2010).  Adafruit responded immediately by doubling its Kinect driver bounty 

to $2,000, further intensifying the race for the driver.     

Only two days after launch, a member of the NUI (Natural User Interface) Group, named 

AlexP, demonstrated his ability to control Kinect using Windows 7.  His refusal to share his code 

and Microsoft’s denial that Kinect had been hacked, led Adafruit to increase its prize yet again, 

this time to $3,000.  By November 10, Adafruit had acquired a piece of equipment called a USB 

analyzer that enabled it to collect and share data from Kinect’s sensors.  Using these data, multiple 

teams raced to decode and reverse engineer the Kinect driver. The race was ultimately won the 

next morning, November 11, by a Spanish computer science undergraduate student, named Héctor 

Martín, who did not own an Xbox, but who had purchased a Kinect that morning when it went on 

sale in Europe (Giles, 2010).  Within days of the driver’s release, researchers and hobbyists had 

adapted Kinect for numerous uses, including the creation of 3-D computer holograms and a 

modified iRobot Roomba that could responded to human hand and voice commands and could 

create visual maps of the rooms it had visited (Wortham, 2010). 

During the week that hackers had raced to create an open source driver to harvest Kinect’s 

data, consumers purchased nearly a million Kinect units.  In the wake of Martin’s success, 

Microsoft initially continued to resist working with the hacker community and even refused to 

acknowledge that its system had been hacked, the firm’s attitude towards their efforts soon 

softened and its public statements became less negative.1  Within ten days of the release of 

Martin’s open source driver, the potentially wide-ranging technological and scientific applications 

of Kinect came into greater focus and Microsoft’s approach changed completely.  It had become 

convinced of the value of embracing the experimentation of the hobbyist and scientific 

                                                           
1  “What has happened is someone has created drivers that allow other devices to interface with the Kinect for Xbox 360... The 

creation of these drivers, and the use of Kinect for Xbox 360 with other devices, is unsupported... We strongly encourage 

customers to use Kinect for Xbox 360 with their Xbox 360 to get the best experience possible” (BBC News, November 12, 

2010).  
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communities and announced that it would not pursue legal remedies against those who adapted the 

Kinect system for such purposes and it would, indeed, work with those communities to enable 

Kinect’s broader applications (Carmody, 2010b).  By June 2011, Microsoft offered the unofficial 

adaptations of Kinect an official embrace through its release of a software developers’ kit (SDK) 

that support noncommercial applications.2 

 

II.2.  Motion sensing research & the introduction of Microsoft Kinect 

In addition to the particularly strong interest in Kinect among the hobbyist and hacker 

communities, the technology has had a substantial influence on academic research, by reducing by 

an order of magnitude the cost of employing motion-sensing as a tool in the process of scientific 

research (Teodoridis, 2017).  Prior to Microsoft’s development of Kinect, low quality depth-

sensing motion-sensing technologies were available for academic research at a cost of thousands 

of dollars, through tools such as “time of flight” cameras.  The introduction of Kinect improved 

motion-sensing quality while reducing the cost to $150.  The tool’s perceived impact among 

academics is evident in a series of researcher quotes that appear in Teodoridis (2017).  One 

particularly effusive researcher states: 

“It's incredibly powerful to have a cheap way to obtain even a noisy estimate of a 

user's pose.  $200 is zero dollars for a research lab, while $2,000 and $20,000 [the 

costs of the alternative technologies] are $2,000 and $20,000 - a lot of money! 

Rehabilitation researchers and robotics researchers love the Kinect because of all 

the new types of applications it enables. It just works!  That is great.” (p. 46). 

 

Before the launch of Kinect, the majority of work using motion-sensing tools and 

algorithms was conducted by a subset of researchers in the broad field of computer vision (motion-

                                                           
2  An interesting coda to the Adafruit-Kinect saga is that it was, partially financed and inspired by a Microsoft insider, Johnny Lee, 

who was frustrated with the firm’s intransigent approach towards enabling the system to be used for purposes other than Xbox 

gaming.  In February 2011, after Microsoft announced its support for Windows-based drivers of the Kinect system, Lee, who 

had left Microsoft to join Google in the interim, expressed his enthusiasm for the release and his frustration with Microsoft’s 

reluctance to do so at the time of the system’s release:  “Yay! This makes me happy.  Microsoft officially announces support for 

Windows Drivers for the Kinect Camera as a free download in the Spring.  This was something I was pushing really hard on in 

the last few months before my departure …It's unfortunate this couldn't have happened closer to launch day. But, perhaps it took 

all the enthusiasm of the independent developer community to convince the division to do this. It certainly would have been nice 

if all this neat work was done on Microsoft software platforms.  I actually have a secret to share on this topic. When my internal 

efforts for a driver stalled, I decided to approach AdaFruit to put on the Open Kinect contest.  For obvious reasons, I couldn't 

run the contest myself. Besides, Phil and Limor did a phenomenal job, much better than I could have done. Without a doubt, the 

contest had a significant impact in raising awareness about the potential for Kinect beyond Xbox gaming both inside and outside 

the company. Best $3000 I ever spent” (Lee, 2011).  Adding credence to Lee’s account, Adafruit quickly corroborated the report 

on its own blog (Adafruit, 2011). 
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sensing researchers for short). Computer vision is an interdisciplinary field in computer science 

and electrical engineering that studies how computers can be enabled to perceive and interact with 

the physical word based on information gleaned from captured and processed images.3 Topics in 

computer vision include 3D model building; automotive assistance, safety, and traffic 

management; biometrics and fingerprint recognition; eye and head tracking, gesture recognition; 

image recognition; machine inspection; medical imaging; motion capture; object description and 

recognition; optical character recognition (OCR); photography; robotics; safety monitoring; sports 

analysis; and surveillance.4 The subgroup of motion-sensing researchers were focused on projects 

that involved the detection, interpretation, and application of visual and other sensory information 

associated with moving objects.  Similar to fields like statistics and cryptography, motion-sensing 

research includes scholars who develop the tools, techniques, and algorithms that are central to the 

field’s development, as well as researchers in a number of application areas who employ the field’s 

tools and make contributions to their improvement. 

After the launch of Kinect, the use of motion-sensing tools expanded within the computer 

vision community and expanded to other areas of computer science and electrical engineering. 

First, as the story of its launch and hacking suggest, the arrival of the Kinect system was perceived 

to be a profound shock in costs and capabilities for the computer vision research community:  Han 

et al. (2013) describe the impact simply and clearly: “With the invention of the low-cost Microsoft 

Kinect sensor, high-resolution depth and visual (RGB) sensing has become available for 

widespread use.”  Wired Magazine described the potential for Kinect to impact of robotics more 

evocatively:   

“For 25 years, the field of robotics has been bedeviled by a fundamental problem: 

If a robot is to move through the world, it needs to be able to create a map of its 

environment and understand its place within it. Roboticists have developed tools to 

accomplish this task, known as simultaneous localization and mapping, or SLAM. 

But the sensors required to build that map have traditionally been either expensive 

                                                           
3  Interest in using computers to represent the visual world began in the era of computer punch cards in the 1950s (e.g., Kirsch et 

al., 1957).  A series of publications and conference volumes of research on pattern recognition, spatial representation, and signal 

detection began in the 1960s (e.g., Lugt, 1964, Sutherland, 1968; Haralick et al. 1973) and yielded textbooks in the 1970s and 

early 1980s (e.g., Winston, 1975; Hanson and Riseman, 1978; Brady and Barrow, 1981).  
4  Computer Vision groups are most often located in Computer Science departments (e.g., MIT’s Computer Vision group within 

CSAIL, the Computer Science and Artificial Intelligence Laboratory) and/or engineering schools (e.g., the Computer Vision 

Group at UC-Berkeley, and the CAVE Computer Vision Laboratory at Columbia).  Masters programs in computer vision are 

increasing in number (e.g., Carnegie Mellon’s, MSCV, “Master of Science – Computer Vision”), as are undergraduate programs 

(e.g., Boston University’s Undergraduate Concentration in Computer Vision).  The University of Central Florida recently 

celebrated its 30th year of NSF-funded training for undergraduate research assistants in Computer Vision (UCF, 2017).  

Computer vision research groups also exist at major technology firms, including Microsoft.  

 

http://crcv.ucf.edu/news&info/REU30.php
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and bulky or cheap and inaccurate. Laser arrays cost a few thousand dollars and 

weigh several pounds, and the images they capture are only two-dimensional. 

Stereo cameras are less expensive, lighter, and can construct 3-D maps, but they 

require a massive amount of computing power. Until a reasonably priced, easier 

method could be designed, autonomous robots were trapped in the lab. … When 

something is that cheap, it opens up all sorts of possibilities,” says Ken Conley of 

Willow Garage, which sells a $500 open source robotics kit that incorporates the 

Kinect. (The previous non-Kinect version cost $280,000.)” (Tanz, 2011). 

 

Similarly, soon after Kinect became available, Chang et al. (2012) compared the potential of 

Kinect with that OptiTrack, a high-precision motion capture system that had historically been used 

in rehabilitation tracking and that cost substantially more than Kinect (approximately $3,000-

$6,000 in 2017).  Other work using Kinect includes studies on improving the physical performance 

of youths with motor disabilities (e.g., Chang et al. 2011), measuring human gait (Stone and 

Skubic, 2013; Preis et al., 2015), and improving facial recognition (Nanni et al., 2014).   

In addition to its impact on areas that were, historically, the focus of motion-sensing 

research, Kinect was adopted by researchers outside of traditional motion-sensing research 

domains.  For example, Richards-Riessetto et al. describe the value of Kinect for work in 

archaeology (2012) and Rafibakhsh et al. (2012) describe its value for construction engineering 

and management. More broadly, after the launch of Kinect, motion-sensing appears to have found 

its way into an increasing variety of research projects with applications in a wide set of domains 

from artificial intelligence and virtual reality to education, healthcare, music, cinematography, 

market research and advertising. For example, faculty and graduate students at MIT’s CSAIL 

laboratory have designed a motion-sensing system, called Emerald, which tracks individuals’ 

movements within their homes, can alert medical personnel in the event of a medical catastrophe 

or fall, and can even be used to predict fall events. 

 Overall, the launch of Microsoft Kinect appears to have changed the opportunity set for 

research in computer science and electrical engineering through the introduction of a low-cost, 

relatively high-quality motion-sensing tool.  The cost reduction appears to be plausibly exogenous 

and appears to have been a surprise to the incumbent research community, the community of 

potential users that had been working outside of traditional motion-sensing topics, and even to 

Microsoft itself.  We thus employ the shock in our analysis as a plausibly exogenous reduction in 

the cost of research that is not correlated with researchers' characteristics or their anticipated 
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research choices, except indirectly through its impact of the cost reduction on researchers' project 

choices. 

 

III. Data and Empirical Strategy 

Our analysis is focused on estimating the impact of a large reduction in the cost of research 

technology on researchers’ propensity to pursue new research directions, or, in other words, 

produce output with a higher degree of diversity. We face two main challenges. First, identifying 

a relationship between changes in the cost of research technology and the direction of inventive 

effort is complicated by the prospect that multiple unobservable factors may be associated with 

changes in both the cost and evolution of research lines. Second, it is difficult to measure diversity 

in research lines since researchers may manipulate flexible measures of research direction. Further, 

fixed measures of research direction, such as bibliographic taxonomies, may be too rigid to adapt 

as new research areas emerge over time. To address the first challenge, we exploit the quasi-natural 

experiment provided by the launch of Kinect using a difference-in-differences analysis. To address 

the second challenge, we employ novel measures of research direction based on advances in 

machine learning, i.e., topic modeling, meant to uncover latent categorizations in large bodies of 

text.  

Our data draws on the population of publications, early-access publications, and conference 

proceeding papers included in the IEEE Xplore database, which covers nearly 200 computer 

science and electrical engineering journals and more than 1,800 conference proceedings, between 

2001 and 2014. We conduct our estimation on the subset of papers published in the four years 

before and four after the launch of Kinect (2007-2014) and we use the remainder of the data to 

obtain better estimates of researchers’ pre-Kinect research behavior and trends.  

 

III.1. Empirical Strategy 

Our differences-in-differences analysis compares research trajectories before and after the launch 

of Kinect.  We construct a plausible counterfactual using Coarsened Exact Matching (CEM) (Iacus 

et al., 2011, 2012) based on individual researcher characteristics in the before period (2007-2010). 

Formally, we estimate for researcher i and year t: 

𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑖𝑡 =  𝛽(𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑅𝑒𝑠𝑒𝑎𝑟𝑐ℎ𝑒𝑟𝑖 ∗  𝐴𝑓𝑡𝑒𝑟𝐾𝑖𝑛𝑒𝑐𝑡𝑡) + 𝐴𝑔𝑒𝑖
2 +  𝛿𝑖 + 𝛾𝑡 + 𝜖𝑖𝑡  (1) 
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where 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑅𝑒𝑠𝑒𝑎𝑟𝑐ℎ𝑒𝑟𝑖 is a dummy variable equal to 1 if research i is a treated unit, and 0 

otherwise. We define treated researchers as individuals who published at least one motion-sensing 

paper either in the period before Kinect’s launch, or in the period after the launch or in both.  We 

explore a number of different definitions of treated researchers. Specifically, we distinguish 

between (1) an aggregate average effect of the reduction in the cost of research technology on all 

researchers’ project diversification, (2) an average effect on individuals close in knowledge space 

to the area of the cost reduction ( “incumbents” in motion sensing research or “within-area” 

researchers), and (3) an average effect on individuals further away in knowledge space from the 

area of the cost reduction ( “entrants” into motion sensing research or “outside-area” researchers). 

To identify motion-sensing publications, we search the full text and metadata of publications in 

the IEEE Xplore database using carefully identified keywords, through interviews with subject 

matter experts and cross-referenced with IEEE's taxonomy.5 

𝐴𝑓𝑡𝑒𝑟𝐾𝑖𝑛𝑒𝑐𝑡𝑡 is a dummy variable equal to 1 if the observation year is between 2011 and 

2014, namely after Kinect’s launch, and 0 otherwise. 𝐴𝑔𝑒𝑖
2  represents the squared age of 

researcher i. Age is calculated as the number of years since the occurrence of the first publication 

in our large dataset, starting in 2001. The age term itself is captured in 𝛿𝑖  which represents 

individual fixed effects, which control for time invariant individual attributes. The term 𝛾𝑡 captures 

year-specific fixed-effects that account for changes in publication trends over time. As a 

consequence of including individual and time fixed effects, the terms 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑅𝑒𝑠𝑒𝑎𝑟𝑐ℎ𝑒𝑟𝑖 and 

𝐴𝑓𝑡𝑒𝑟𝐾𝑖𝑛𝑒𝑐𝑡𝑡  drop out of the estimating equation. 𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑖𝑡  represents different 

measures of diversification of research lines at the individual level i at time t, as detailed in the 

next section. 

 Our main coefficient of interest is 𝛽. We interpret a positive value of 𝛽 as indicating a 

higher increase in diversification at the individual level for treated researchers after the launch of 

Kinect, when compared to the change in diversification of matched researchers from before to 

after the launch of Kinect. In other words, a positive value of 𝛽 indicates a positive effect of the 

reduction in cost of research technology on researchers’ propensity to diversify their research lines. 

To identify the group of control researchers, we follow a CEM procedure, matching on (a) 

yearly productivity, (b) the number of coauthors in each of the four years before Kinect’s launch, 

                                                           
5  These terms are available upon request and are described in greater detail in Teodoridis (2017).  
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and (c) a measure of diversification across knowledge topics between 2007 and 2010. We measure 

productivity as a count of publications weighted by citations and diversification as one minus the 

Euclidian distance in the space of IEEE defined research categories.6 We argue that our matching 

procedure provides a plausible counterfactual for the treated researchers, i.e., those who engage 

with motion-sensing. We match on productivity in the before period to ensure that our results on 

changes in diversity at the individual level are not confounded by researchers at the right tail of 

the productivity distribution.  This is important since the probability of having publications across 

multiple categories increases with publication output. We match on the number of coauthors in the 

before period to ensure our results are not driven by researchers’ abilities or preferences for 

collaborating more intensely or more broadly. This matters for the analysis, since higher levels of 

collaboration could be correlated with more diverse output as each new collaborator increases the 

potential pool of expertise and perspectives. We also match on the level of diversification in the 

pre-Kinect period to ensure that our results are not driven by individuals with a taste for diversity 

that may manifest regardless of changes in costs of research technology.  

 We conduct three matching procedures, one for each of our three definitions of treated 

researchers: (1) individuals who published in motion-sensing either before or after the launch of 

Kinect, (2) individuals who published in motion sensing before the launch of Kinect (incumbents 

or within-area researchers), and (3) individuals who published in motion-sensing only after the 

launch of Kinect (entrants or outside-area researchers). We follow this approach in order to be able 

to distinguish between an aggregate average effect on all researchers who undertake motion-

sensing and the differential contribution to this effect of outside-area and within-area researchers, 

while ensuring appropriate counterfactuals for each subgroup – we employ CEM with weights 

rather than one on one matching in order to utilize as much of the available data as possible.  

 

                                                           
6  IEEE assigns each publication to one of the 51 main categories listed in its taxonomy. We calculate the Euclidian 

distance based on the percentage of keywords from each category a researcher collects in their publication portfolio 

between 2007 and 2010. Formally, we calculate:  

𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝐼𝑛𝑑𝑒𝑥𝑖 = 1 − √∑ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑖𝑘
2

51

𝑘=1
     (2) 

where i is the individual researcher and 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑖𝑘
2  represents the squared percentage of keywords 

assigned to research’s i publications in each of the k main 51 categories of the IEEE taxonomy. Note that, by 

construction, the measure is less than or equal to 1 and never zero, and it increases with higher levels of keywords 

spread across IEEE categories.  



17 

 

III.2. Measuring research diversification  

In order to estimate changes in research trajectories, one first needs to define boundaries of 

research trajectories. This creates a paradox as the boundaries of research trajectories are part of 

the core unknown to be estimated.  Unlike physical space, which consists of a well-known number 

of dimensions and distances between locations, ideas space consists of an unknown number of 

dimensions, the distances between which cannot be uniquely measured and which evolve in 

unanticipated ways over time (Doran, 2017).7   

Aghion, Dewatripont, and Stein (2008) model the development of ideas along research 

lines.  In some cases, such as in mathematics, fields are relatively well-defined and stable field 

distinctions can form the basis for inquiry about location and movement in ideas space (Borjas and 

Doran, 2012, 2015; Agrawal, Goldfarb, and Teodoridis, 2016).  In most fields, however, it is quite 

difficult to measure such lines or to identify where they branch.  To overcome these challenges, 

work on the direction of research activity often focuses on measures of research breadth (Grupp, 

1990; Rafols and Meyer, 2010), indicator variables or other measures of topic overlap to reflect 

whether researchers are roughly in the same field/domain (Boudreau et al., 2017), or considers the 

development of ideas based on references (citations) to one or more particular papers in a stream 

of research (e.g., Furman and Stern, 2011; Azoulay et al., 2015).  

These analyses typically rely on observable indicators of innovation output, such as 

keywords and taxonomies, and employ measures such as citation maps, publication outlets, and 

collaboration metrics. While helpful in providing some evidence of evolution of research 

trajectories, these approaches face a number of the challenge described above. For example, 

research that categorizes research direction based on curated taxonomies have the advantage of 

consistency, but face the tradeoff of either being stable and thus comparable over time or being 

dynamic and, thus, evolving with the changing research landscape at the cost of consistency and 

classification standardization.  Author-assigned keywords, or any other set of keywords not pulled 

out of a defined vocabulary, fare better in terms of capturing new knowledge directions, but lack 

structure and may be more subject to gaming.  This limits interpretability of hierarchical 

connections between keywords and changes in such relationships over time. Similarly, while the 

                                                           
7  Doran (2017) describes ideas space as consisting of an “arbitrary n-dimensional space” and notes that there is neither 

a “unique way to decide how ‘close’ two n-vectors are nor how “to decide how quickly an n-vector is moving to a 

different position.” 
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citation revolution, as a method in tracing knowledge linkages (DeSolla Price, 1970; Griliches, 

1990), significantly contributed to advancing our understanding on factors influencing the process 

of knowledge creation, is subject to the same concerns since measuring diversity in citation maps 

requires some form of categorization. Like author-assigned keywords, the selection of backwards 

and forwards citations is subject to social processes and strategic behaviors that complicate their 

interpretation for understanding changes in research trajectories.  

The research context we examine, motion-sensing research and related work in computer 

science and electrical engineering, is not characterized by a relatively stable set of keywords and 

research topics.  Indeed, the past two decades have experienced the emergence of a number of new 

domains of research and associated new keywords enabled by ever-advancing computing power, 

materials science, and methods within these fields. To address the challenge of measuring research 

direction in these fields, we leverage advances in machine learning and computing power to 

develop measures that make use of more complete information in academic publications. We 

propose measures based on two topic modeling algorithms adapted for inference in our context.  

Our empirical analysis also includes a set of more traditional measures of research diversification 

based on observable characteristics of academic publications, including (a) a measure of 

diversification based on the stable taxonomy maintained by the IEEE, (b) a count of new authors, 

and (c) a count of new publication outlets.  

The main advantage and, hence, contribution of measures based on machine learning 

analysis, is the ability to identify similarities between bodies of text without pre-defined 

assumptions about their structure. Machine learning algorithms evolved from the study of pattern 

recognition in computer science, but have increasingly found applications in a variety of fields, 

including genetics, medical imaging, computational biology and bioinformatics, image 

recognition, social network analysis, and economics and public policy (Athey and Imbens, 2015).8 

Currently, there are a large number of algorithms customized for various tasks. While limitations 

remain, their complexity and accuracy is rapidly evolving. It is important to note that the intended 

purpose of these algorithms is prediction, not inference.  Their success rests with their ability to 

reveal the latent structure of a corpus of texts in order to predict with high accuracy where a new 

                                                           
8  Indeed, we note that a curious feature of our paper is that we are diversifying our own work by applying a research 

tool, machine learning, now available at lower cost in a field (the economics of innovation and science) in which it 

has not been regularly applied in the past.  
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text would fit in the structure. We are interested in identifying the latent categorization of ideas in 

motion-sensing and related fields in ways that (a) are less subject to the strategic behavior of 

researchers and (b) are sensitive to the fact that motion-sensing research and related fields evolve 

over time.   

In the service of these objectives, we employ two types of algorithms, which we adapt for 

our purposes: Latent Dirichlet Allocation (LDA) and Hierarchical Dirichlet Process (HDP) (Blei 

et al., 2003). The algorithms fall into the topic modeling category of unassisted machine learning. 

LDA and HDP are probabilistic models that employ a hierarchical Bayesian analysis of text (see 

e.g., Hofmann, 1999; Blei et al., 2003; Buntine and Jakulin, 2004). The intuition is that of a 

generative process, in which the data are assumed to be characterized by a set of observed variables 

(words in the document or vocabulary) that develop from a set of hidden variables (the topic 

structure) (Blei et al., 2003). Both algorithms generate collections of words (topics) that are found 

to appear together in the input text with a certain probability. In other words, the input text is 

‘assigned’ to topics with a certain probability.  

We conduct our analysis using the abstract of the academic publications in our dataset as 

input text into LDA and HDP.  We run each algorithm per year for the full set of publications 

available in our dataset. We modify the algorithms to output the set of words describing each topic 

and to list the publication IDs of each abstract used to identify those topics. Each publication ID 

is assigned a score, which can be thought of as a probability of ‘belonging’ to a topic. We ignore 

scores below 1% probability of belonging to a topic. Despite substantial advances in computing 

power, each process is computationally intensive.  Each run of LDA or HDP using our data 

requires days of computing time.  As result, we have run the current analysis allocating papers to 

topics using article abstracts but not full text.  We hope to be able to use publication full text in 

future work.   

Each algorithm involves some tradeoffs and faces some limitations. First, LDA does not 

automatically calculate the number of topics that represents the optimal latent categorization of the 

input text. Researchers using LDA must therefore specify the number of topics into which they 

would like the algorithm to group the text.  Choosing a number of categories that is too large could 

result in category definitions that are overly narrow, while choosing a number that is too small 

could result in category definitions that are too broad.  HDP relaxes this constraint, as it has a built-

in algorithm to identify the optimal number of topics per group of input text.  Second, both 
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algorithms treat the input text as a one-time group for which the latent categorization needs to be 

revealed. In other words, the algorithms cannot automatically track the evolution of topics over 

time by updating the set of keywords in each category over time. Third, the algorithms operate 

under a bag-of-words assumption, in which each word is treated independently.  The optimal 

algorithm for our analysis would be one in which the number of topics and the set of words that 

characterize each topic were allowed to change over time to reflect the changing nomenclature and 

structure of scientific fields.  To our knowledge, however, the field of machine learning has not 

yet developed any such reliable algorithms.  

We take a few steps to mitigate some of the limitations of the existing algorithms. First, we 

present results from both LDA and HDP. We also run a sensitivity algorithm on multiple instances 

of LDA, consistent with state of the art practices in computer science, to identify the number of 

optimal topics with the highest probability of accuracy.9 We identify the optimal number of topics 

to be between 50 and 60, in line with the optimal number of topics calculated by the HDP. In our 

results, we show estimates using results of an LDA with 50 topics and HDP. All our results remain 

robust to LDA with 40, 60, 90 and 120 topics. It is important to note that the higher number of 

topics would, by construction, result in fragmentation of the optimal number of topics. We also 

run an alternative version of HDP that relaxes some of the bag-of-words assumption to confirm no 

significant changes in the optimal number of topics. Furthermore, we use the LDA and HDP output 

in a regression with time fixed effects, hence our results are not hindered by the fact that the 

algorithms are executed on a per year basis, and thus reveal the latent categorization of topics for 

each year in our dataset.10 

We calculate diversification as a yearly weighted measure of spread across categories, as 

identified by the LDA and HDP algorithms. Specifically, we first sum the number of topics where 

the focal researcher has their papers assigned by LDA and HDP in the focal year. Next, we sum 

                                                           
9  Details on these processes are available from the authors upon request. 
10 Computer scientists are working on a variety of extensions of these algorithms. We chose to utilize algorithms that 

are considered robust among computer scientists, rather than current experimental ones aimed at advancing the 

frontier in topic modeling. We did so not only to ensure reliability of our results, but also to ensure most optimal 

available processing times (for example, one instance of LDA takes between 7 to 10 days to run on our dataset, 

when using an 8-core processor with 64 GB of RAM) and the realistic possibility of reverse engineering the 

algorithms in order to obtain the set of probabilities for topics assignment at the publication level. This is important 

as many algorithms with faster processing times or relaxed assumptions, are doable precisely because their goal is 

to predict rather than explain the latent categorization.  For example, versions of these algorithm encode words into 

numbers in order to speed up processing, but, in the process, they cut the link back to the actual input text, thereby 

making it impossible to extract the topic assignment probabilities for each publication ID.  
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the probabilities of assignment to said categories, and multiply that number by the number of 

topics.  The probabilities can be thought of as the percentage of assignment to categories. Hence, 

the product between number of topics and sum of probabilities gives a weighted measure of 

number of topics where the focal researcher publishes in the focal year. For ease of interpretability 

of regression coefficients, we take the natural logarithm of this number.  

Consistent with the recommendation of Doran (2017) that work measuring the direction of 

research trajectories should employ multiple measures, we also present results using more 

traditional measures of diversification, which are based on publication attributes. The first measure 

is a yearly reversed Euclidian distance in the space of 51 IEEE categories in computer science, 

electrical engineering and electronics. To calculate this measure, we apply equation (2) on yearly 

publication data over the period of interest (2007-2014), four years before and four year after the 

launch of Kinect. The second measure counts the number of new coauthors the focal author has in 

the observation year relative to previous years. To count the number of new coauthors we take 

advantage of our full dataset going back to 2001. We do so since, by definition, the count of new 

coauthors requires a few years of reference data in order to get closer to reflecting the true number 

of new coauthors, and not be upward biased due to left data truncation. The third measure reflects 

the number of new publication outlets in which a researcher publishes each year, relative to each 

prior year, going back to 2001.  

We chose these three measures since they capture different attributes associated with 

changes in research lines. Specifically, the Euclidian-based measure follows previous literature in 

employing the data captured in the IEEE bibliometric categorization in order to create an index of 

concentration (or diversification) within ideas space, as defined by the taxonomy. The advantage 

of this approach rests with the tractability and stability over time of the categorization structure. 

The disadvantage stems from the same attributes, as we discussed above. In particular, the fixed 

taxonomy fails to capture changes in the categorization structure over time, that would otherwise 

indicate changes in research lines. The other two measures include the count of new coauthors and 

count of new publication outlets.  The first of these indicates changes in research lines to the extent 

that collaboration patterns reflect changes in the bases of expertise associated with researcher’s 

project choices.  The second measure will indicate changes in research direction to the extent that 

different journals address different audiences and cover different areas of ideas space.  The 

downside of these two measures is that they are focused on outcomes that indirectly reflect the 
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content or intellectual focus of academic research.  It is possible to change coauthors and 

publication outlets while continuing to work on the same knowledge trajectory and it is also 

possible to continue working with old co-authors and publish in the same journals while shifting 

one’s research focus.  As a result, we prefer our more novel measures, which we think are more 

likely to reflect changes in research direction because they are more tied to the content of 

researchers’ published works. 

In sum, our analysis presents results from five main measures of diversification: two 

measures based on topic modeling algorithms (HDP and LDA with 50 topics) and three measures 

based on traditional observable characteristics of academic publications, namely a Euclidian 

distance in the ideas space as mapped by IEEE’s taxonomy, a count of new authors per period and 

a count of new publication outlets per period.  Each measure captures different attributes of 

diversification, each with its own limitations and merits.  Taken together, we argue that they paint 

an informative picture of the evolution of research lines. 

 

III.3. Sample construction and descriptives 

We collect data on every publication, early-access publication, and conference proceeding paper 

available through IEEE Xplore between 2001 and 2014.  These data include 2,492,451 publications 

and 1,670,888 unique author names in the fields of in computer science, electrical engineering, 

and electronics. Because of the importance of publications in conference proceedings in computer 

science and related fields, the IEEE possesses advantages relative to other libraries of publications, 

including the Web of Science and Scopus. 

We focus our analysis on the four years leading up to and the four years following the 

launch of Kinect at the end of 2010, i.e., 2007-2010 and 2011-2014. We do so to ensure comparable 

timeframes and to allow for some publication data for controls and other measures that require a 

longer run observation of publication trends, such as author age and changes in number of yearly 

new coauthors and new publication outlets. The 2007-2014 dataset consists of 1,776,125 

publications authored by 1,391,313 individuals as identified by IEEE. Within this subset, we 

further distinguish between researchers who published both before and after Kinect’s launch 

(430,779), only in the before period (442,395), and only in the after period (518,139). We conduct 

our main analysis on the first subset, that of researchers who published both before and after 

Kinect’s launch. We do so (1) to ensure that our main results are not driven by zeroes due to exits 
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from or entry into our observation period and (2) to allow for an observable period before Kinect’s 

launch from which we can identify trends and construct plausible counterfactuals. We further 

eliminate outliers from our main dataset, namely individuals with fewer than three and more than 

50 publications before Kinect’s launch (2007-2010).  We eliminate researchers with fewer than 3 

publications since some of our diversification measures rely on individuals’ breadth of 

publications and low productivity mechanically translates into low diversification. It is important 

to note that this set of researchers also includes authors who occasionally publish in outlets tracked 

by IEEE. We eliminate authors with more than 50 publications in the before period to account for 

potential disambiguation effects in the IEEE algorithm assigning unique author identifiers. Such 

author IDs would appear as very productive and potentially diversified individuals, risking to 

upward bias our estimations. We identify a total of 3,200 researchers with over 50 publications in 

the four-year period before Kinect’s launch, less than 1% of our main sample. 

All our results remain robust to altering these cutoff decisions and to including the full data 

available to us. Specifically, our results remain robust (1) to considering the full dataset, 2001-

2014, (2) to considering other cutoff point for the minimum and maximum number of publications, 

(3) to eliminating cutoffs for the minimum and maximum number of publications and utilizing the 

full set of 2007-2014 authors, and (4) to including authors who exit after 2010. Since our estimation 

strategy precludes including authors who published only in the post-Kinect period, i.e. we do not 

observe a before period in order to identify an appropriate counterfactual, we provide descriptive 

statistics of this group that demonstrate alignment with our main findings and argument.  

 

----------- Tables I (a and b) approximately here -------- 

 

In Table I.a, we present average values of our three definitions of treated researchers for 

each of our five measures of diversification. In Table I.b, we show the equivalent values for our 

matched samples. First, we draw attention to imbalance between our treated and control group that 

necessitate employing a CEM procedure. Second, the descriptive statistics foreshadow our main 

findings:  (1) an overall increase in diversification, (2) a positive impact on diversification for 

within-area researchers, and (3) a higher and more pronounced impact on diversification on 

outside-area researchers when compared to within-area researchers. Further, we observe 

differences across our diversification measures relative to baseline trends. Some of the effects 



24 

 

come from mitigating the overall decrease in diversification, while others come from an 

accentuated baseline trend of increasing diversification. Specifically, our Euclidian measure of 

diversification, which captures the information contained in IEEE’s taxonomy relative to changes 

in ideas space, shows an overall trend of decreasing diversification, with the reduction in cost of 

research technology dampening that effect. The same trends can be observed in our measure of 

diversification based on counts of new publication outlets. The measure based on counts of new 

coauthors shows similar trends in the full sample, but reverses course in the matched sample, while 

the two topic modeling-based measures show an overall trend of increase in diversification (for 

both the full and matched samples) that is accentuated by the reduction in cost of research 

technology. This is important for at least two reasons. First, it underscores our point regarding the 

difficulty of crafting an all-encompassing measure of diversification. Second, it highlights the 

differences in the various aspects of the knowledge creation process captured by each measure. 

For example, the overall trend of decrease in diversification as captured by the Euclidian measure 

appears to contrast with the overall trend of increase in diversification captured by our topic 

modeling measures (LDA and HDP).  This apparent inconsistency may, however, result from an 

increase in the fragmentation of research lines, an effect aligned with the “knowledge burden” 

effect (Jones 2009, 2010). More broadly, the differences suggest a need for approaching studies 

on the direction of research trajectories using empirical strategies that triangulate across multiple 

measures. 

Since our empirical strategy is limited to evaluating the effect of the cost reduction on the 

group of researchers for which we have access to observables in the pre- period, we describe the 

group of individuals for which we do not have such data in Table II. Specifically, Table II captures 

the number of new unique author identifiers, as listed in the IEEE database, which appear in the 

dataset in each of the eight years of interest. We distinguish between researchers entering our 

sample with at least one motion-sensing publication in their first year (Column 1), from researchers 

entering with other types of publications (Column 2). In Column 3 we calculate the ratio of new 

entries in motion-sensing research and observe that before the launch of Kinect about 1% of entry 

was occurring through publishing in motion-sensing.  However, the percentage increases by 31% 

immediately following the Kinect launch and continues to increase up to 2.5 times in 2014 relative 

to the period before Kinect. We interpret these data as additional evidence of increasing research 

diversification at the individual level. This finding is in line with Murray et al. (2016), which 
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documents that the elimination of IP restrictions on sharing genetically-engineered mice led to an 

increase in the number of new authors on academic publications drawing on the knowledge 

embedded in the mice. The group of new authors presumably includes both new researchers that 

fall under the category captured in our Table II as well as those we capture in the outside-area 

group of treated researchers.  

 

----------- Table II approximately here -------- 

 

Finally, in Tables III (a to c) we present descriptive statistics that show the balance in our 

CEM procedure across our three definitions of treated researchers. We show average values for all 

our covariates used in the matching procedure, both in the full sample (Columns 1-3) and the 

matched sample (Columns 4-6). Across all definitions, treated researchers are more productive. 

They have a higher number of coauthors and publish in more IEEE categories than the rest of the 

population. However, this fact results from a more skewed distribution in the full sample. The 

CEM procedure balances these observables for each of our three definitions of treated researchers. 

Our sample size is reduced by the matching procedure and by our eliminating outliers, as described 

above.  

 

----------- Tables III (a to c) approximately here -------- 

 

 

IV. Empirical analysis:  the Kinect shock and research diversity 

In our empirical analysis, we estimate the impact of the substantial reduction in the cost of motion-

sensing research technology resulting from the introduction of Kinect on the direction of research 

activity in related areas.  We show results using five measures of diversification, two based on 

novel machine learning approaches and three based on traditional approaches based on observable 

characteristics of researchers’ publication portfolios. 

 

IV.1. Impact of cost reduction on the rate of innovation 

We begin our analysis by estimating the impact of Kinect on the rate of knowledge generation in 

motion-sensing research. We do this in order (1) to examine whether the Kinect shock is similar 
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to other cost shocks (e.g., Furman and Stern, 2011 and Murray et al. 2016) in finding that a 

decrease in research cost yields an increase in the rate of innovation and (2) to provide an estimate 

of the magnitude of the economic effect in this context.11 To do this, we estimate equation (1), 

using the annual count of academic publications at the individual level as the dependent variable. 

We should note that we observe this effect in descriptive data, as the average number of 

publications for researchers who published in motion-sensing either before or after Kinect 

increases from 1.19 to 1.56, while in the matched control group the average number of publications 

changes from 1.22 to 1.14. In the group of within-area researchers, the average number of 

publications changes from 1.18 to 1.25, while the control group changes from 1.21 average number 

of publications in the before period to 1.15 in the period after Kinect’s launch. The outside-area 

group experiences the largest boost in the rate of publication, a rise from an average of 1.18 annual 

publications in the before period to 1.87 in the period after Kinect’s launch.  By contrast, the 

control group moves from an average of 1.20 publications in the period before Kinect’s launch to 

1.13 in the period after the launch. Interestingly, these averages suggest the reduction in cost not 

only led to an absolute increase in the rate of innovation, but also mitigated the overall trend of 

decrease in the average number of publications per researcher. 

We show results of our main difference-in-differences estimation in Table IV. In Column 

1, we estimate the effect on the rate for researchers who published in motion-sensing either before 

or after the launch of Kinect. Column 2 shows results for treated researchers defined as individuals 

who published in motion-sensing before the launch of Kinect, and Column 3 shows results for 

treated defined as individuals who published in motion-sensing only after the launch of Kinect. In 

all cases, we find evidence of an increase in the rate of publication of such researchers, when 

compared with the group of control researchers, as identified through our CEM procedures. In 

aggregate, treated researchers increase their number of motion-sensing publications 41% more 

than the control group, an effect which corresponds to an increase of one additional paper for every 

two. The effect is smaller on the group of within-area researchers, with a disproportionate increase 

of only 12%, approximately one additional paper for very seven publications, and largest for 

                                                           
11 Teodoridis (2017) documents a 57% increase in the number of motion-sensing publications following the launch 

of Kinect. Our focus is on the impact at the individual researcher level and separately for within- and outside-area 

researchers. 
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outside-area researchers, with a disproportionate increase of 70%, representing four additional 

papers for every five. 

 

----------- Table IV approximately here -------- 

 

Next, we examine the timing of this effect in order to ensure that our estimates of the boost 

in the rate of publication are not driven by secular trends towards increased publication or changes 

in the rate that occur later during our after period, and which could therefore be attributed to events 

other than the launch of Kinect. To do this, we replace 𝐴𝑓𝑡𝑒𝑟𝐾𝑖𝑛𝑒𝑐𝑡𝑡 with a set of year-specific 

post-Kinect dummy variables. We plot the estimated value of the interaction between these year 

dummies with our treated dummy in Figures I (a to d). All estimates consider 2010 as our baseline 

year (Kinect was launched on Nov 4, 2010). Each point on the graphs represents the estimated 

difference between the number of publications of treated researchers vs. control researchers, for 

each year, relative to the same difference in 2010. In each graph, the difference is small and close 

to zero before the launch of Kinect and increases thereafter, consistent with the conclusion that the 

reduction in cost triggered an increase in motion-sensing publication.  In line with the discussion 

of coefficient magnitudes in Table IV, the effect is higher for outside-area researcher than for 

within-area researchers.  

 

----------- Figures I (a to c) approximately here -------- 

 

In Figure I.d, we take our analysis one step further and test whether the boost in the 

publication rate for outside-area researchers is driven mechanically by their entry into motion-

sensing research.  To do so, we repeat our estimation with year dummies while excluding all 

motion-sensing publications from these researchers’ portfolios. Interestingly, the effect on the rate 

persists. Furthermore, while, unsurprisingly, the magnitude of the effect decreases, the decrease is 

not particularly large. Rather than a disproportionate increase of 70% in the number of 

publications, the results suggest that outside-area researchers experience a 40% growth in their 

production of publications outside of motion-sensing after the Kinect launch, relative to the change 

in publication rate of the matched control group, an approximately one additional academic paper 

for each two. 
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----------- Figure I.d approximately here -------- 

 

We find this result interesting, as it suggests that the reduction in cost does not lead 

exclusively to increases in the rate of publication via direct engagement with the reduced-cost 

technology, but rather the access to the research technology acts as a conduit to other opportunities 

for knowledge creation. In what follows, we turn to our analysis on the impact on the direction of 

innovation to attempt to get an understanding on the type of innovation researchers undertake as a 

result of access to research technology.    

 

IV.2. Assessing the impact of cost reduction on the direction of innovation 

In Table V, we present the results of our main difference-in-differences estimation in equation (1), 

considering researchers as treated if they published in motion-sensing either before or after the 

launch of Kinect. The first two columns report results using the measures of diversification based 

on topic modeling, while the following three columns report diversification measures based on 

direct bibliometric measures. First, we observe that all measures show evidence of an increase in 

diversification of innovative output triggered by the reduction in cost of research technology. 

Second, we draw attention to the close estimated magnitudes of the two measures based on topic 

modeling techniques. In robustness checks, all other LDA-based measures of diversification 

remain close to these estimated coefficients. This is important as it demonstrates an internal 

consistency among the topic modeling algorithms.  This is an interesting finding, considering that 

each algorithm was run under some different assumptions, with the aim of identifying biases 

associated with those assumptions.  

 

----------- Table V approximately here -------- 

 

Columns 1 and 2 show evidence of a 27% increase in the diversification of yearly 

publications of treated researchers after the launch of Kinect relative to the control group. The 

analysis based on HDP indicates that the research cost reduction led to an increase of 0.6 topics 

out of approximately 50 topics covering the complete set of research in computer science, electrical 

engineering and electronics. The LDA results imply that the cost shock induced an increase of 0.74 
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topics out of 50 total topics. These findings are consistent with those obtained using the traditional 

diversification measures.  The coefficient in the remaining columns imply an 8% increase in 

Euclidian-based diversification, a 34% increase in the number of yearly new coauthors, and a 38% 

increase in the number of yearly new publication outlets.  

 

----------- Figures II (a to e) approximately here -------- 

 

We test the timing of these effects by replacing our 𝐴𝑓𝑡𝑒𝑟𝐾𝑖𝑛𝑒𝑐𝑡𝑡 with a set of dummy 

variables for each sample year. We plot the estimated difference in yearly level of diversification 

between our treated and control researchers in Figures II (a to e). All values are computed relative 

to 2010. In each case, we find an increase in average researcher diversification following the 

launch of Kinect that begins immediately after the launch and persists across time. 

 

----------- Table VI.a approximately here -------- 

 

Next, we estimate whether the effect on diversification has a differential impact on 

researchers outside- and within- motion-sensing as informed by the theoretical models in Aghion, 

Dewatripont, and Stein (2008) and Murray at el. (2016). Table VI.a repeats our analysis of equation 

(1) focusing on the group of outside-area researchers. The results of each analysis in this table 

suggests that the reduction in the cost of motion-sensing research technology induced 

diversification among treated outside-area researchers.  The HDP-based diversification measure 

shows an estimated 47% increase in diversification and the LDA-based measure shows a 49% 

increase in diversification. This amounts to about one additional category out of a total of 50 

categories mapping the entire set of publications in computer science, electrical engineering and 

electronics. The Euclidean-based measure indicates an increase of 12%, while the number of new 

coauthors shows an increase of 48% (1.11 additional new coauthors) and the number of new 

publication outlets show an increase of 49% (1 in 3 additional new publication outlets).  As before, 

we test the timing of these effects and display the yearly estimated differences in diversification 

measures between treated and control units in Figures III (a to e).  

 

----------- Figures III (a to e) approximately here -------- 
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----------- Table VI.b approximately here -------- 

 

In Table VI.b, we verify whether the effects on diversification within the group of outside-

area researchers persist outside the set of papers directly engaging with motion-sensing. The 

theoretical model in Murray et al. (2016) implies that the reduction in cost leads to an increase in 

freedom of outside area-researchers to join other projects.  However, the empirical test in support 

of that claim only focuses on outside-area researchers joining projects that directly reference the 

area of the cost reduction, which, in our case, would be motion-sensing. It is possible, though, that 

this result is mechanical, i.e., that the finding that entrants into motion-sensing research achieve 

greater post-Kinect research diversity may arise simply because these researchers have entered 

into motion-sensing research. Our analyses in IV.1. demonstrated that this group of researchers 

experienced a post-Kinect boost in both the total number of annual publications and their annual 

production of non-motion-sensing publications. Table VI.b provides evidence that post-Kinect 

entrants into motion-sensing research also experience an increase in diversity in their non-motion-

sensing research. The topics modeling based measures evidence a 34% increase in diversification 

directly attributable to the reduction in cost (3 additional topics for every 4); the Euclidian-based 

measure show a 6% increase; the number of new coauthors increases by 27% (more than 1 in 2 

new coauthors); and the number of new publication outlets increases by 49% (1 in 3 additional 

new publication outlets). As before, we test the timing of these effects and display the yearly 

estimated coefficients in Figures IV (a to e).  

 

----------- Figures IV (a to e) approximately here -------- 

 

These results strike us as particularly interesting, as they imply that reducing the cost of 

research tools can impact research diversity not just in the most-affected domain, but in areas more 

distant in ideas space as well. Through the reduction in cost, outside-area researchers gain access 

to a new knowledge area. This increases the probability of generating novel recombinations (Uzzi 

et al., 2013) that can result in opening new lines of inquiry. For example, researchers previously 

focused on research on physical therapy who diversify into motion-sensing research may use 

findings from physical therapy projects employing motion-sensing to open new research lines of 
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inquiry in physical rehabilitation, e.g., pertaining youths with disabilities or individuals with 

Parkinson’s disease (Chang et al., 2011).  

 

----------- Table VII.a approximately here -------- 

  

In Table VII.a and Figures V (a to e), we report the results of our analysis focusing on the 

set of researchers who published motion-sensing research prior to the introduction of Kinect, i.e., 

incumbents in motion-sensing research.  In the Murray et al. (2016) theoretical model, the impact 

on these within-area researchers is less clear.  On the one hand, since the cost reduction arises 

within their domain of knowledge, it does not create opportunities for these researchers to join 

projects that would expand their research diversity.  Therefore, we may not expect the cost 

reduction to induce diversification among within-area researchers. On the other hand, Aghion, 

Dewatripont, and Stein (2008) note a direct effect of openness in academia, i.e., that of greater 

mobility of researchers across projects. In other words, the reduction in cost increases the degree 

of openness even among with-area researchers, facilitating greater mobility between projects.  This 

effect could lead to increase in diversity among these researchers to the extent that greater mobility 

leads to some degree of engagement in different projects. Our results bear this out.  The LDA 

measure indicates a 6% increase in diversification directly attributable to the reduction in cost of 

research technology. The HDP measure indicates similar effects in which post-Kinect 

diversification increases by approximately 7%. The Euclidian-based diversification increases by 

3%; the number of yearly new coauthors increases by 8%; and the number of yearly publication 

outlets increases by 10%.  

----------- Figures V (a to e) approximately here -------- 

 

To gain additional insight, we replace our dummy treatment variable with a continuous 

variable capturing the degree of involvement in motion-sensing before the launch of Kinect, 

calculated as percentage of motion-sensing publications in one’s yearly research portfolio (Table 

VII.b). Interestingly, we find that the effect on diversification increases with higher levels of 

involvement in motion-sensing before the launch of Kinect. Teodoridis (2017) offers some insight 

into this effect. Specifically, the author shows that the reduction in cost of research technology 

substitutes for the need of including area-specialists in collaborative projects. As such, within-area 
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specialists are ‘freed’ to pursue other projects, such as furthering the agenda on motion-sensing 

research. Since our definition of motion-sensing is static throughout the dataset, the effect in Table 

VII.b might capture this effect.   

 

----------- Table VII.b approximately here -------- 

 

IV.3. Complementary descriptive analyses based on Scopus data 

Thus far, our results demonstrate that the reduction in the cost of motion-sensing technology 

triggers an increase in researchers’ project diversity. Within-area researchers appear to contribute 

less to this effect, but their contribution is positive. Among this group, researchers closest to 

motion-sensing in the prior period increase their diversification to the greatest extent. Consistent 

with the theoretical model in Murray et al. (2016), the greatest increase in research diversity 

accrues to the group that did not publish motion-sensing research prior to the Kinect shock but 

who entered in its wake.  

Ideally, we would also like to gain insight into the type of knowledge these individuals 

create as part of the identified effect of diversification. However, the difficulty of capturing 

implications for the direction of innovation also poses challenges to our ability to speak directly 

on the type of knowledge these researchers produce as part of the observed increase in 

diversification. To shed some light on this, we provide some descriptive examples. Specifically, 

we select a random group of researchers from our treated and control samples and look up their 

publication portfolio in Scopus, a comprehensive bibliographical database tracking academic 

publication across all areas of science. We take advantage of a particular feature of this database, 

namely its “analyze” function. Scopus allows users to select a group of papers and analyze its 

properties using a proprietary Scopus algorithm. The analysis displays, among others, pie charts 

with the distribution of publications across knowledge areas, as defined by Scopus’ taxonomy. 

Since the data we use in our analysis is collected from a different database (IEEE Xplore), which 

processes and classifies papers without any connection to Scopus, focusing on the Scopus analysis 

algorithm also provides an additional piece of evidence to our findings. We include our examples 

of randomly selected treated and control researchers and the pie chart analysis of their pre- and 

post-Kinect publication portfolios in the Appendix. These charts suggest an increase in 

diversification following the launch of Kinect that is consistent with our econometric analysis and 
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provide a glimpse into the type of knowledge these researchers create. We observe two broad 

avenues through which researchers increase their diversification following Kinect: (1) an increase 

in the number of areas where they publish and (2) an increase in the percentage of their publications 

across knowledge areas in their portfolio.  

 

IV.4. Additional results 

In addition to these main effects, there are a number of interactions that may be of interest in better 

understanding implications for inequality in knowledge production, such as those of productivity 

skewness. Indeed, much prior work on the economics and sociology of science highlights the 

particular role played by high productivity scientists (Zucker, Darby, and Brewer, 1998; Azoulay 

et al., 2010).  As such, we test for a differential impact on most or least productive researchers. To 

do this, we repeat our main difference-in-differences estimation on the full sample, the group of 

within-area researchers and the group of outside-area researchers, but split researchers based on 

their productivity in the period before Kinect’s launch (2007-2010). We consider quartiles of 

productivity where the omitted category is the group of researchers with productivity in the bottom 

25% of the productivity distribution. Our measure of productivity is a citation-weighted measure 

of publication count. We present results of this estimation in Tables VIII (a to c). Interestingly, ex-

ante productivity has no effect on the propensity to diversify following the reduction in cost of 

research technology. Stated differently, the reduction in cost of research technology does not 

disproportionately benefit low or high productive researchers with respect to the impact on 

diversification in research lines.  However, the baseline effect in the absence of the reduction in 

cost suggests a trend towards a higher increase in diversification for the least productive 

researchers. Certainly, this could be driven mechanically by the low number of publications in 

these researchers’ portfolios. Nevertheless, the estimations suggest that the unexpected cost 

reduction triggered an increase in the propensity to diversify that was democratic across the 

distribution of researcher productivity levels.  

 

----------- Tables VIII (a to c) approximately here -------- 
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V. Discussion and Conclusion 

Understanding the direction of inventive activity is important for research in the economics and 

sociology of science and the study of the strategic management of science-based organizations.  

The direction of research exploration is of central concern in economics because of its relationship 

with the rate of economic growth (Acemoglu, 2002, 2010; Bryan and Lemus, 2016).  In addition 

to its direct impact on welfare, issues associated with research direction are of interest to economics 

because of the complex interplay of financial incentives, career incentives, institutional features, 

and researcher preferences that shape this area of economic activity (David and Dasgupta, 1994; 

Stephan, 1994; Stern, 2004).   For the sociology of science, the evolution of research activity is 

important for its impact on the construction and maintenance of research communities, the 

development and evolution of invisible colleges, and for changing norms in research.  Issues 

associated with research direction are particularly salient for the study of strategic behavior of 

science-based organizations, including academic research labs and universities.  Whereas private 

firms compete for profits, research laboratories and academic institutions compete for resources 

and reputation.  As is the case with private firms, project selection and the identification of niches 

for specialization is one of the approaches PIs can apply in their efforts to compete.  By making 

such differentiating investments, science-based organizations affect the direction and breadth of 

basic research and shape opportunities for follow-on innovation. 

Relative to research on the rate of inventive activity, the direction of inventive activity is 

less fully studied, in part because it faces such conceptual and empirical challenges. As Doran 

(2017) notes, ideas exist in a multidimensional space in which neither the number of dimensions 

nor the distance between the dimensions can be well known or characterized, particularly since 

these dimensions evolve in ways that are difficult to anticipate and can take time to recognize.  It 

is possible to make progress through qualitative work that provides rich detail on the evolution of 

ideas or the trajectories of individual researchers’ work.  However, the inherent problems 

associated with measuring a project’s location in ideas space have made it difficult to conduct this 

work on a larger scale or to draw generalizable conclusions.  Azoulay et al. (2015) conceive of 

research fields based on the set of articles judged to be sufficiently “related” to a particular work, 

based on a National Library of Medicine algorithm for measuring article similarity (the PUBMED 

Related Algorithm).  Other projects measure research diversity using self-selected keywords, co-

authorship ties, and measures based on citation networks, such as cosine similarity measures.  Just 
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as many of these measures were enabled by advances in data storage and computational speeds, 

further advances in computing power have enabled the analysis of large bodies of text.  We 

leverage these advances to develop measures of research direction that reflect the probabilistic 

assignment of papers to categories of research topics.  Using unassisted machine learning tools, 

we are able to construct one set of topic categories based on a fixed number of categories and 

another in which the number of categories is chosen by algorithm.  These measures of research 

diversity have the advantage of being less subject to strategic behavior than citation networks or 

keywords, as they employ the full text of paper abstracts.   

In this paper, we use these measures, complemented by more traditional measures, to 

investigate how a first-order reduction in the cost of motion-sensing technology affects 

researchers’ project portfolios. Based on our analysis of the nearly 2.5 million publications indexed 

by the IEEE Xplore database between 2007 and 2014, we find that motion-sensing incumbents and 

entrants substantially increase their research diversity on all of our metrics relative to researchers 

matched on observable pre-Kinect characteristics. Among motion-sensing incumbents, we find 

that the effect on diversification is most pronounced for researchers with high levels of 

involvement in motion-sensing.  Consistent with the predictions of Aghion, Dewatripont, and Stein 

(2008) and Murray at el. (2016) we find that outside-area researchers exhibit a greater increase in 

research diversity than inside-area researchers.  Further, we find that motion-sensing entrants 

increase the diversity of their research portfolios even outside of motion-sensing, suggesting that 

the research technology acts as a conduit to opportunities for knowledge creation beyond the area 

of the cost reduction.  

Together, our results paint a picture in which a reduction in the cost of research tools 

positively impacts the rate of scientific advance and increases the breadth of research activity, 

expanding the trajectories of scholars both inside and outside of the affected area.  Our analysis 

underscores the important role played by research tools and highlights the processes by which 

scientific research trajectories evolve.  We hope that further work will build upon the topic 

modeling tools that we have introduced and explore new areas in which to apply unassisted 

machine learning to track the evolution of knowledge in ideas space. 
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Figure I.a 

Estimated increase in publication rate for researchers who published in motion-sensing either before or 

after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in publication 

rates between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure I.b 

Estimated increase in publication rate for researchers who published in motion-sensing before the launch 

of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in publication 

rates between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  

  



43 

 

Figure I.c 

Estimated increase in publication rate for researchers who published in motion-sensing after the launch of 

Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in publication 

rates between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure I.d 

Estimated increase in publication rate of non-motion-sensing papers for researchers who published in 

motion-sensing after the launch of Kinect  

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in publication 

rates between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure II.a 

Change in individual level diversification, as captured by our HDP-based measure, for researchers who 

published in motion-sensing either before or after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control authors in that year. The bars surrounding each point represent the 95 percent 

confidence interval. All values are relative to the base year of 2010.  
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Figure II.b 

Change in individual level diversification, as captured by our LDA (50)-based measure, for researchers 

who published in motion-sensing either before or after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure II.c 

Change in individual level diversification, as captured by our Euclidian yearly diversification measure, 

for researchers who published in motion-sensing either before or after the launch of Kinect  

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure II.d 

Change in individual level diversification, as captured by our count of yearly new co-authors measure, for 

researchers who published in motion-sensing either before or after the launch of Kinect  

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure II.e 

Change in individual level diversification, as captured by our count of yearly new publication outlets 

measure, for researchers who published in motion-sensing either before or after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure III.a 

Change in individual level diversification, as captured by our HDP-based measure, for researchers who 

published in motion-sensing before the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure III.b 

Change in individual level diversification, as captured by our LDA (50)-based measure, for researchers 

who published in motion-sensing before the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure III.c 

Change in individual level diversification, as captured by our Euclidian yearly diversification measure, 

for researchers who published in motion-sensing before the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure III.d 

Change in individual level diversification, as captured by our count of yearly new co-authors measure, for 

researchers who published in motion-sensing before the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure III.e 

Change in individual level diversification, as captured by our count of yearly new publication outlets 

measure, for researchers who published in motion-sensing before the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure IV.a 

Change in individual level diversification, as captured by our HDP-based measure, for researchers who 

published in motion-sensing after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure IV.b 

Change in individual level diversification, as captured by our LDA (50)-based measure, for researchers 

who published in motion-sensing after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure IV.c 

Change in individual level diversification, as captured by our Euclidian yearly diversification measure, 

for researchers who published in motion-sensing after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure IV.d 

Change in individual level diversification, as captured by our count of yearly new co-authors measure, for 

researchers who published in motion-sensing after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure IV.e 

Change in individual level diversification, as captured by our count of yearly new publication outlets 

measure, for researchers who published in motion-sensing after the launch of Kinect 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure V.a 

Change in individual level diversification, as captured by our HDP-based measure, for researchers who 

published in motion-sensing after the launch of Kinect, when excluding their motion-sensing publications 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  

 

  



61 

 

Figure V.b 

Change in individual level diversification, as captured by our LDA (50)-based measure, for researchers 

who published in motion-sensing after the launch of Kinect, when excluding their motion-sensing 

publications 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  

 

  



62 

 

Figure V.c 

Change in individual level diversification, as captured by our Euclidian yearly diversification measure, 

for researchers who published in motion-sensing after the launch of Kinect, when excluding their motion-

sensing publications 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure V.d 

Change in individual level diversification, as captured by our count of yearly new co-authors measure, for 

researchers who published in motion-sensing after the launch of Kinect, when excluding their motion-

sensing publications 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Figure V.e 

Change in individual level diversification, as captured by our count of yearly new publication outlets 

measure, for researchers who published in motion-sensing after the launch of Kinect, when excluding 

their motion-sensing publications 

 

 

Notes: We base this figure on our 2007-2014 dataset. Each point on the graph represents the coefficient 

value on the covariate TreatedResearcher x Year and thus describes the relative difference in diversification 

between treated and control researchers in that year. The bars surrounding each point represent the 95 

percent confidence interval. All values are relative to the base year of 2010.  
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Table I.a: Descriptive statistics for our main sample of researchers and their publications (2007-2014) 

Descriptive statistics 

  (1) 

Topic modeling 

(2) 

Classic metrics 

Treated as  HDP topics weighted 

by fit probability (log) 

LDA 50 topics weighted 

by fit probability (log) 

Yearly Euclidian-based 

diversification 

New Collaborators New Publication 

Outlets 

  Treated Controls Treated Controls Treated Controls Treated Controls Treated Controls 

Researchers who 

published in motion-

sensing either before or 

after or both 

Before 3.269 

(1.593) 

2.695 

(1.406) 

3.820 

(1.575) 

3.159 

(1.407) 

0.489 

(0.269) 

0.387 

(0.288) 

6.123 

(9.299) 

4.031 

(6.939) 

1.755 

(1.987) 

1.153 

(1.407) 

After 3.521 

(1.695) 

2.773 

(1.494) 

3.981 

(1.681) 

3.150 

(1.499) 

0.461 

(0.272) 

0.321 

(0.289) 

6.764 

(10.457) 

3.558 

(6.532) 

1.751 

(2.176) 

0.927 

(1.368) 

Observations Before 71,658 451,148 71,658 451,148 88,556 643,380 88,556 643,380 88,556 643,380 

After 69,110 393,897 69,110 393,897 88,556 643,380 88,556 643,380 88,556 643,380 

Researchers who 

published in motion-

sensing before 

Before 3.349 

(1.601) 

2.695 

(1.406) 

3.908 

(1.580) 

3.159 

(1.407) 

0.504 

(0.264) 

0.387 

(0.288) 

6.357 

(9.432) 

4.031 

(6.939) 

1.779 

(1.992) 

1.153 

(1.407) 

After 3.449 

(1.702) 

2.773 

(1.494) 

3.906 

(1.693) 

3.150 

(1.499) 

0.438 

(0.281) 

0.321 

(0.289) 

6.182 

(9.987) 

3.558 

(6.532) 

1.580 

(2.084) 

0.927 

(1.368) 

Observations Before 41,415 451,148 41,415 451,148 50,196 643,380 50,196 643,380 50,196 643,380 

After 37,512 393,897 37,512 393,897 50,196 643,380 50,196 643,380 50,196 643,380 

Researchers who 

published in motion-

sensing after 

Before 3.158 

(1.574) 

2.695 

(1.406) 

3.700 

(1.559) 

3.159 

(1.407) 

0.470 

(0.275) 

0.588 

(0.095) 

5.815 

(9.113) 

4.031 

(6.939) 

1.724 

(1.979) 

1.153 

(1.407) 

After 3.606 

(1.684) 

2.773 

(1.494) 

4.071 

(1.663) 

3.150 

(1.499) 

0.491 

(0.257) 

0.560 

(0.109) 

7.526 

(10.996) 

3.558 

(6.532) 

1.975 

(2.271) 

0.927 

(1.368) 

Observations Before 30,243 451,148 30,243 451,148 38,360 643,380 38,360 643,380 38,360 643,380 

After 31,598 393,897 31,598 393,897 38.360 643,380 38.360 643,380 38.360 643,380 
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Table I.b: Descriptive statistics for our main matched (CEM) sample of researchers and their publications (2007-2014) 

Descriptive statistics 

  (1) 

Topic modeling 

(2) 

Classic metrics 

Treated as  HDP topics weighted 

by fit probability (log) 

LDA 50 topics weighted 

by fit probability (log) 

Yearly Euclidian-based 

diversification 

New Collaborators New Publication 

Outlets 

  Treated Controls Treated Controls Treated Controls Treated Controls Treated Controls 

Researchers who 

published in motion-

sensing either before or 

after or both 

Before 2.133 

(1.075) 

2.154 

(1.098) 

2.733 

(1.076) 

2.679 

(1.116) 

0.357 

(0.295) 

0.355 

(0.294) 

2.307 

(3.355) 

2.286 

(3.287) 

0.860 

(0.990) 

0.892 

(1.028) 

After 2.599 

(1.328) 

2.344 

(1.235) 

3.085 

(1.318) 

2.761 

(1.237) 

0.356 

(0.287) 

0.282 

(0.284) 

3.186 

(5.055) 

2.332 

(4.377) 

0.980 

(1.247) 

0.730 

(1.041) 

Observations Before 17,909 109,274 17,909 109,274 28,192 187,680 28,192 187,680 28,192 187,680 

After 18,264 95,812 18,264 95,812 28,192 187,680 28,192 187,680 28,192 187,680 

Researchers who 

published in motion-

sensing before 

Before 2.118 

(1.066) 

2.141 

(1.090) 

2.725 

(1.057) 

2.668 

(1.108) 

0.360 

(0.296) 

0.358 

(0.294) 

2.242 

(3.086) 

2.258 

(3.074) 

0.839 

(0.964) 

0.883 

(1.014) 

After 2.418 

(1.256) 

2.350 

(1.251) 

2.890 

(1.252) 

2.766 

(1.253) 

0.313 

(0.288) 

0.283 

(0.285) 

2.565 

(4.555) 

2.359 

(4.387) 

0.789 

(1.111) 

0.739 

(1.055) 

Observations Before 8,409 65,544 8,409 65,544 13,168 111,936 13,168 111,936 13,168 111,936 

After 7,643 56,500 7,643 56,500 13,168 111,936 13,168 111,936 13,168 111,936 

Researchers who 

published in motion-

sensing after 

Before 2.123 

(1.068) 

2.141 

(1.088) 

2.714 

(1.078) 

2.673 

(1.105) 

0.350 

(0.294) 

0.350 

(0.294) 

2.311 

(3.514) 

2.279 

(3.433) 

0.872 

(1.001) 

0.879 

(1.021) 

After 2.762 

(1.366) 

2.326 

(1.242) 

3.254 

(1.348) 

2.748 

(1.239) 

0.398 

(0.281) 

0.280 

(0.284) 

3.836 

(5.724) 

2.336 

(4.401) 

1.172 

(1.360) 

0.720 

(1.042) 

Observations Before 8,647 85,095 8,647 85,095 13,808 147,160 13,808 147,160 13,808 147,160 

After 9,817 74,390 9,817 74,390 13,808 147,160 13,808 147,160 13,808 147,160 



67 

 

Table II: New researcher entries in electrical engineering, computer science and electronics, per year, as 

observed through publications logged in the IEEE Xplore database (2007-2014) 

Number of authors entering IEEE Xplore academic publication 

 Number of authors entering 

with at least one motion-

sensing publication 

Number of authors entering 

with publications in other 

areas 

Percentage of motion-sensing 

entry 

2007 1,103 122,322 0.90% 

2008 1,307 124,670 1.04% 

2009 1,188 120,554 0.99% 

2010 1,502 152,237 0.99% 

2011 1,794 137,233 1.31% 

2012 2,449 135,514 1.81% 

2013 2,805 116,184 2.41% 

2014 2,985 119,265 2.50% 
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Table III.a: CEM balance, where treated researchers are defined as scientists who published in motion-

sensing either before or after Kinect 

CEM balance 

 Full Sample Matched Sample 

(CEM) 

 Treated Controls t-stat Treated Controls t-stat 

Citation-weighted publication count 2007 14.055 7.397 88.48 2.340 2.317 0.85 

Citation-weighted publication count 2008 13.385 7.802 79.28 2.644 2.633 0.32 

Citation-weighted publication count 2009 8.065 4.729 98.34 2.017 1.991 1.58 

Citation-weighted publication count 2010 7.038 4.301 101.60 2.367 2.339 1.70 

Author count 2007 13.957 9.052 71.31 3.678 3.643 0.76 

Author count 2008 14.292 9.890 74.76 4.157 4.168 0.30 

Author count 2009 14.491 9.517 98.25 4.766 4.752 0.42 

Author count 2010 15.837 10.528 99.55 6.282 6.241 1.03 

Diversification index 2007-2010 0.683 0.640 162.42 0.657 0.657  

Observations 177,112 1,286,760  56,384 375,360  
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Table III.b: CEM balance, where treated researchers are defined as scientists who published in motion-

sensing before Kinect 

CEM balance 

 Full Sample Matched Sample 

(CEM) 

 Treated Controls t-stat Treated Controls t-stat 

Citation-weighted publication count 2007 15.868 7.397 87.83 2.323 2.300 0.61 

Citation-weighted publication count 2008 14.609 7.802 75.44 2.664 2.615 1.36 

Citation-weighted publication count 2009 8.687 4.729 91.31 1.957 1.918 1.73 

Citation-weighted publication count 2010 7.287 4.301 87.20 2.220 2.190 1.32 

Author count 2007 15.212 9.052 70.02 3.609 3.575 0.73 

Author count 2008 15.253 9.890 70.80 4.318 4.329 0.24 

Author count 2009 15.290 9.517 89.36 4.585 4.602 0.37 

Author count 2010 16.362 10.528 85.91 6.028 5.989 0.67 

Diversification index 2007-2010 0.687 0.640 137.17 0.661 0.661 0.42 

Observations 100,392 1,286,760  26,336 223,872  
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Table III.c: CEM balance, where treated researchers are defined as scientists who published in motion-

sensing after Kinect 

CEM balance 

 Full Sample Matched Sample 

(CEM) 

 Treated Controls t-stat Treated Controls t-stat 

Citation-weighted publication count 2007 11.683 7.397 41.18 2.136 2.110 0.70 

Citation-weighted publication count 2008 11.784 7.802 39.81 2.330 2.378 1.10 

Citation-weighted publication count 2009 7.252 4.729 52.70 1.946 1.934 0.62 

Citation-weighted publication count 2010 6.712 4.301 62.89 2.433 2.405 1.20 

Author count 2007 12.314 9.052 32.99 3.430 3.451 0.34 

Author count 2008 13.035 9.890 36.89 3.946 3.966 0.45 

Author count 2009 13.445 9.517 54.08 4.777 4.738 0.85 

Author count 2010 15.150 10.528 60.50 6.474 6.431 0.77 

Diversification index 2007-2010 0.677 0.640 94.98 0.653 0.653 0.02 

Observations 76,720 1,286,760  27,616 294,320  
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Table IV: Researchers increase their rate of academic publications after the launch of Kinect 

Controls determined through Coarsen Exact Matching (CEM) 

 Treated as researchers who 

published motion-sensing 

papers either in the before 

or after period or both 

Treated as researchers who 

published motion-sensing 

papers in the before period 

Treated as researchers who 

published motion-sensing 

papers only in the after period 

Treated x AfterKinect 0.339*** 

(0.011) 

[1.406] 

0.109*** 

(0.017) 

[1.116**] 

0.529*** 

 (0.014) 

[1.697***] 

Age - sq -0.001*** 

(0.000) 

[0.999] 

-0.001** 

(0.000) 

[0.999**] 

-0.001*** 

(0.000) 

[0.999***] 

    

Year FE Yes Yes Yes 

Individual FE Yes Yes Yes 

    

LL -495,920.80 -285,886.37 -366,855.63 

    

Observations 431,744 250,208 321,936 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard 

errors clustered at individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table V: Researchers experience a change in the level of diversification of their publication portfolio 

after the launch of Kinect 

Treated as researchers who published motion-sensing papers either in the before or after period or both 

Controls determined through Coarsen Exact Matching (CEM) 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log) 

LDA 50 topics 

weighted by fit 

probability (log) 

Yearly Euclidian-

based 

diversification 

New 

Collaborators 

New 

Publication 

Outlets 

Treated x AfterKinect 0.271*** 

(0.017) 

0.270*** 

(0.017) 

0.076*** 

(0.003) 

0.295*** 

(0.013) 

[1.343***] 

0.322*** 

 (0.011) 

[1.380***] 

Age - sq 0.004*** 

(0.000) 

0.004*** 

(0.000) 

-0.001*** 

(0.000) 

0.002*** 

(0.000) 

[1.002***] 

0.002*** 

(0.000) 

[1.002***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -975,119.90 -382,210.95 

R-sq 0.020 0.018 0.024   

      

Observations 241,259 241,259 431,744 430,424 430,592 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard 

errors clustered at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table VI.a: Evidence of change in diversification of publication portfolios for researchers who published 

in motion-sensing only after the launch of Kinect 

Treated as researchers who published motion-sensing papers in the after period 

Controls determined through Coarsen Exact Matching (CEM) 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log) 

LDA 50 topics weighted 

by fit probability (log) 

Yearly Euclidian-

based 

diversification 

New 

Collaborators 

New Publication 

Outlets 

Treated x AfterKinect 0.472*** 

(0.023) 

0.488*** 

(0.023) 

0.120*** 

(0.004) 

0.478*** 

(0.018) 

[1.613***] 

0.490*** 

 (0.014) 

[1.632***] 

Age - sq 0.004*** 

(0.001) 

0.004*** 

(0.001) 

-0.001*** 

(0.000) 

0.002*** 

(0.000) 

[1.002***] 

0.002*** 

(0.000) 

[1.002***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -727,391.20 -281,979.16 

R-sq 0.029 0.029 0.034   

      

Observations 177,949 177,949 321,936 320,856 321,152 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard errors clustered 

at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table VI.b: The result on diversification for researchers who published in motion-sensing only after the 

launch of Kinect not mechanically driven by engagement with motion-sensing 

Treated as reserachers who published motion-sensing papers in the after period 

Controls determined through Coarsen Exact Matching (CEM) 

All DVs exclude motion-sensing papers 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log); 

exclude MS papers 

LDA 50 topics weighted 

by fit probability (log); 

exclude MS papers 

Yearly Euclidian-

based 

diversification; 

exclude MS papers 

New 

Collaborators; 

exclude MS 

papers 

New Publication 

Outlets; exclude 

MS papers 

Treated x AfterKinect 0.348*** 

(0.024) 

0.344*** 

(0.024) 

0.057*** 

(0.004) 

0.272*** 

(0.021) 

[1.312***] 

0.490*** 

 (0.014) 

[1.632***] 

Age - sq 0.004*** 

(0.000) 

0.004*** 

(0.001) 

-0.001*** 

(0.000) 

0.002*** 

(0.000) 

[1.002***] 

0.002*** 

(0.000) 

[1.002***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -723,748.85 -282,404.98 

R-sq 0.022 0.022 0.030   

      

Observations 176,538 176,538 321,936 320,824 321,152 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard errors clustered 

at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table VII.a: Evidence of change in diversification of publication portfolios for researchers who 

published in motion-sensing before the launch of Kinect 

Treated as researchers who published motion-sensing papers in the before period 

Controls determined through Coarsen Exact Matching (CEM) 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log) 

LDA 50 topics 

weighted by fit 

probability (log) 

Yearly Euclidian-

based 

diversification 

New 

Collaborators 

New 

Publication 

Outlets 

Treated x AfterKinect 0.076*** 

(0.025) 

0.058** 

(0.025) 

0.034*** 

(0.004) 

0.078*** 

(0.020) 

[1.081***] 

0.104*** 

 (0.017) 

[1.110***] 

Age - sq 0.004*** 

(0.000) 

0.004*** 

(0.001) 

-0.001*** 

(0.000) 

0.002*** 

(0.000) 

[1.002***] 

0.002*** 

(0.000) 

[1.002***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -559,122.94 -220,327.75 

R-sq 0.013 0.009 0.026   

      

Observations 138,096 138,096 250,208 249,296 249,568 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard 

errors clustered at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table VII.b: The result on diversification for researchers who published in motion-sensing before the 

launch of Kinect is more pronounced for individuals with higher involvement in motion-sensing before 

Kinect 

Treated as researchers who published motion-sensing papers in the before period 

Controls determined through Coarsen Exact Matching (CEM) 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log) 

LDA 50 topics 

weighted by fit 

probability (log) 

Yearly Euclidian-

based 

diversification 

New 

Collaborators 

New 

Publication 

Outlets 

Fraction of MS x 

AfterKinect 

0.211*** 

(0.054) 

0.165*** 

(0.053) 

0.084*** 

(0.009) 

0.241*** 

(0.049) 

[1.273***] 

0.306*** 

 (0.038) 

[1.358***] 

Age - sq 0.005*** 

(0.000) 

0.004*** 

(0.001) 

-0.001*** 

(0.000) 

0.002*** 

(0.000) 

[1.002***] 

0.002*** 

(0.000) 

[1.002***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -559,102.20 -220,319.76 

R-sq 0.012 0.008 0.026   

      

Observations 138,096 138,096 250,208 249,296 249,568 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard 

errors clustered at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table VIII.a: The effect on diversification does not vary with the level of productivity of researchers 

Treated as resarchers who published motion-sensing papers either in the before or after period 

Controls determined through Coarsen Exact Matching (CEM) 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log) 

LDA 50 topics 

weighted by fit 

probability (log) 

Yearly Euclidian-

based 

diversification 

New 

Collaborators 

New 

Publication 

Outlets 

Treated x AfterKinect  0.244*** 

(0.054) 

0.254*** 

(0.054) 

0.108*** 

(0.008) 

0.403*** 

 (0.050) 

[1.497***] 

0.435*** 

 (0.040) 

[1.546***] 

Productivity in bottom 

25% to 50% x AfterKinect 

0.019 

(0.022) 

0.006 

(0.022) 

-0.005 

(0.003) 

-0.044 

 (0.034) 

[0.956] 

0.002 

 (0.028) 

[1.002] 

Productivity in top 50% to 

25% x AfterKinect 

-0.028 

(0.019) 

-0.033* 

(0.019) 

-0.021*** 

(0.003) 

-0.085*** 

 (0.027) 

[0.918***] 

-0.103*** 

 (0.023) 

[0.902***] 

Productivity in top 25% x 

AfterKinect 

-0.063*** 

(0.022) 

-0.061** 

(0.022) 

-0.029*** 

(0.004) 

-0.069*** 

 (0.026) 

[0.934***] 

-0.139*** 

 (0.021) 

[0.870***] 

Treated x Productivity in 

bottom 25% to 50% x 

AfterKinect 

-0.055 

(0.070) 

-0.038 

(0.070) 

-0.023** 

(0.011) 

-0.094 

 (0.074) 

[0.910] 

-0.127** 

 (0.053) 

[0.881**] 

Treated x Productivity in 

top 50% to 25% x 

AfterKinect 

0.051 

(0.060) 

0.040 

(0.061) 

-0.029*** 

(0.010) 

-0.101* 

 (0.056) 

[0.904*] 

-0.096** 

 (0.045) 

[0.908**] 

Treated x Productivity in 

top 25% x AfterKinect 

0.032 

(0.059) 

0.013 

(0.059) 

-0.040*** 

(0.000) 

-0.126** 

 (0.053) 

[0.882**] 

-0.133*** 

 (0.042) 

[0.876***] 

Age - sq 0.004*** 

(0.000) 

0.004*** 

(0.000) 

0.001*** 

(0.000) 

0.002*** 

 (0.000) 

[1.002***] 

0.003*** 

 (0.000) 

[1.003***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -975,031.00 -382,094.63 

R-sq 0.019 0.016 0.022   

      

Observations 241,259 241,259 431,744 430,424 430,592 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard 

errors clustered at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table VIII.b: The effect of the reduction in cost on diversification of publication portfolios does not vary 

with the level of productivity of researchers who were publishing in motion-sensing before the launch of 

Kinect 

Treated as reserachers who published motion-sensing papers in the before period 

Controls determined through Coarsen Exact Matching (CEM) 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log) 

LDA 50 topics 

weighted by fit 

probability (log) 

Yearly Euclidian-

based 

diversification 

New 

Collaborators 

New 

Publication 

Outlets 

Treated x AfterKinect  -0.035 

(0.078) 

-0.061 

(0.079) 

0.066*** 

(0.013) 

0.199*** 

 (0.075) 

[1.221***] 

0.180*** 

 (0.063) 

[1.197***] 

Productivity in bottom 

25% to 50% x AfterKinect 

-0.072** 

(0.029) 

-0.095*** 

(0.030) 

0.003 

(0.005) 

0.031 

 (0.047) 

[1.032] 

0.027 

 (0.039) 

[1.027] 

Productivity in top 50% to 

25% x AfterKinect 

-0.114*** 

(0.030) 

-0.127*** 

(0.030) 

-0.008 

(0.005) 

-0.016 

 (0.039) 

[0.984] 

-0.062* 

 (0.033) 

[0.940*] 

Productivity in top 25% x 

AfterKinect 

-0.136*** 

(0.030) 

-0.144*** 

(0.030) 

-0.014** 

(0.005) 

0.027 

 (0.035) 

[1.027] 

-0.079*** 

 (0.021) 

[0.924***] 

Treated x Productivity in 

bottom 25% to 50% x 

AfterKinect 

0.110 

(0.102) 

0.124 

(0.102) 

-0.025 

(0.016) 

-0.121 

 (0.104) 

[0.886] 

-0.053 

 (0.053) 

[0.949] 

Treated x Productivity in 

top 50% to 25% x 

AfterKinect 

0.146 

(0.091) 

0.164* 

(0.092) 

-0.021 

(0.015) 

-0.102 

 (0.088) 

[0.903] 

-0.036 

 (0.045) 

[0.965] 

Treated x Productivity in 

top 25% x AfterKinect 

0.111 

(0.085) 

0.116 

(0.086) 

-0.041*** 

(0.014) 

-0.137* 

 (0.079) 

[0.872*] 

-0.096 

 (0.066) 

[0.909] 

Age - sq 0.005*** 

(0.000) 

0.005*** 

(0.001) 

0.001*** 

(0.000) 

0.002*** 

 (0.000) 

[1.002***] 

0.003*** 

 (0.000) 

[1.003***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -559,098.01 -220,295.82 

R-sq 0.011 0.007 0.024   

      

Observations 138,096 138,096 250,208 249,296 249,568 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard 

errors clustered at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 
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Table VIII.c: The effect of the reduction in cost on diversification of publication portfolios does not vary 

with the level of productivity of researchers who started publishing in motion-sensing after the launch of 

Kinect 

Treated as researchers who published motion-sensing papers only in the after period 

Controls determined through Coarsen Exact Matching (CEM) 

 (1) 

Topic modeling 

(2) 

Classic metrics 

 HDP topics 

weighted by fit 

probability (log) 

LDA 50 topics 

weighted by fit 

probability (log) 

Yearly Euclidian-

based 

diversification 

New 

Collaborators 

New 

Publication 

Outlets 

Treated x AfterKinect  0.402*** 

(0.070) 

0.432*** 

(0.071) 

0.139*** 

(0.010) 

0.538*** 

 (0.061) 

[1.713***] 

0.578*** 

 (0.047) 

[1.782***] 

Productivity in bottom 

25% to 50% x AfterKinect 

0.049* 

(0.026) 

0.028 

(0.025) 

-0.008** 

(0.004) 

-0.051 

 (0.037) 

[0.950] 

-0.006 

 (0.031) 

[0.994] 

Productivity in top 50% to 

25% x AfterKinect 

0.001 

(0.023) 

0.003 

(0.023) 

-0.026*** 

(0.004) 

-0.066** 

 (0.032) 

[0.936] 

-0.100*** 

 (0.026) 

[0.905***] 

Productivity in top 25% x 

AfterKinect 

-0.027 

(0.025) 

-0.021 

(0.025) 

-0.033*** 

(0.004) 

-0.096*** 

 (0.028) 

[0.909] 

-0.149*** 

 (0.024) 

[0.862***] 

Treated x Productivity in 

bottom 25% to 50% x 

AfterKinect 

-0.122 

(0.092) 

-0.082 

(0.093) 

-0.015 

(0.014) 

-0.097 

 (0.098) 

[0.908] 

-0.146** 

 (0.064) 

[0.864] 

Treated x Productivity in 

top 50% to 25% x 

AfterKinect 

0.060 

(0.085) 

0.056 

(0.085) 

-0.017 

(0.013) 

-0.106 

 (0.072) 

[0.900] 

-0.074 

 (0.057) 

[0.929] 

Treated x Productivity in 

top 25% x AfterKinect 

0.109 

(0.077) 

0.082 

(0.077) 

-0.001* 

(0.000) 

-0.050 

 (0.065) 

[0.951] 

-0.094* 

 (0.050) 

[0.910] 

Age - sq 0.004*** 

(0.001) 

0.005*** 

(0.001) 

-0.001*** 

(0.000) 

0.002*** 

 (0.000) 

[1.002***] 

0.003*** 

 (0.000) 

[1.003***] 

      

Year FE Yes Yes Yes Yes Yes 

Individual FE Yes Yes Yes Yes Yes 

      

LL    -727,312.74 -281,886.99 

R-sq 0.029 0.030 0.030   

      

Observations 177,949 177,949 321,936 320,856 321,152 

Notes: The data is a panel at the author level based on publication data between 2007 and 2014. All models have robust standard 

errors clustered at the individual level. +significant at 15%, *significant at 10%, **significant at 5%, ***significant at 1% 

  



80 

 

APPENDIX: Examples of changes in publication portfolio distribution across research topics, as defined by Scopus 

 

A1. Treated researcher: Stefano Cecchi  

https://scholar.google.com/citations?user=DNxOdUoAAAAJ&hl=en&oi=ao 

 

2007-2010 

 
 

 

2011-2014 

 

  

https://scholar.google.com/citations?user=DNxOdUoAAAAJ&hl=en&oi=ao
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A2. Treated researcher: Peter Baranyi 

https://scholar.google.com/citations?user=DeMmbqkAAAAJ&hl=en&oi=ao  

 

2007-2010 

 

 

2011-2014 

 

  

https://scholar.google.com/citations?user=DeMmbqkAAAAJ&hl=en&oi=ao
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A3. Treated researcher: Gianluigi Ferrari  

https://scholar.google.com/citations?user=F2bbBksAAAAJ&hl=en&oi=ao  

 

2007-2010 

 

2011-2014 

 

 

  

https://scholar.google.com/citations?user=F2bbBksAAAAJ&hl=en&oi=ao
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A4. Treated researcher: Matti Pietikainen  

https://scholar.google.com/citations?user=bjEpXBoAAAAJ&hl=en&oi=ao  

 

2007-2010 

 

2011-2014 

 

  

https://scholar.google.com/citations?user=bjEpXBoAAAAJ&hl=en&oi=ao
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A5. Treated researcher: Christos Panayiotou 

https://scholar.google.com/citations?user=aG9NvFAAAAAJ&hl=en&oi=ao  

 

2007-2010 

 

 

 

2011-2014 

 

 

  

https://scholar.google.com/citations?user=aG9NvFAAAAAJ&hl=en&oi=ao
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A6. Treated researcher: Todd Humphreys 

https://scholar.google.com/citations?user=jvDNg_YAAAAJ&hl=en&oi=sra  

 

2007-2010 

 

 

2011-2014 

 

 

  

https://scholar.google.com/citations?user=jvDNg_YAAAAJ&hl=en&oi=sra
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A1. Control researcher: Robert Calderbank 

http://ece.duke.edu/faculty/robert-calderbank  

 

2007-2010 

 

 

2011-2014 

 

  

http://ece.duke.edu/faculty/robert-calderbank
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A2. Control researcher: Georgi Gaydadjiev  

https://scholar.google.com/citations?user=IL5KrG4AAAAJ&hl=en&oi=ao  

 

2007-2010 

 

 

 

2011-2014 

 

  

https://scholar.google.com/citations?user=IL5KrG4AAAAJ&hl=en&oi=ao
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