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Abstract

We examine the productivity implications of external knowledge flows obtained through an

Internet-mediated discussion forum in which IT professionals help one another solve problems

related to the implementation and use of enterprise software. We extend elements of the absorptive

capacity (ACAP) framework (Cohen & Levinthal, 1989, 1990) that have not previously been

studied in the Information Systems (IS) literature to a new context. Consistent with prior results

from the IS literature, we first show that IT spillovers—acquired through employees’ participation

in this forum—only accrue to firms with prior related investments in enterprise software. We

then demonstrate boundary conditions for ACAP based on characteristics of external knowledge

affecting the ease of learning. Our results show that IT spillovers are not “free”; the ability to

derive the value of IT spillovers through informal channels—such as online communities—critically

depends on both prior related IT investments by the recipient firm and the novelty of external

knowledge. Less intuitively, when knowledge originates from relatively novel or emergent domains,

the role of prior related knowledge in absorbing spillovers becomes more important.

1 Introduction

While information technology (IT) systems have been shown to create significant value for the firms

that adopt them, the returns often appear with a delay (e.g., Brynjolfsson & Hitt, 2003) and may vary

greatly across firms (Aral & Weill, 2007; Bloom et al., 2012; Bresnahan et al., 2002). Firms investing

in new IT systems must often undertake complementary innovation, sometimes termed co-invention, to

adapt general-purpose IT systems to the idiosyncratic needs of organizations (Bresnahan & Greenstein,

1996). While sometimes these innovations are related to technical adaptations to IT hardware and
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software systems, they also frequently involve changes to organizational elements such as business

processes (Bartel et al., 2007; Bresnahan et al., 2002; Dranove et al., 2014).

The human capital required to deploy these systems is scarce and unequally distributed.1 However,

firms can use many formal and informal means to acquire the necessary knowledge from external

sources.2 The available means range from hiring workers who have acquired the expertise by working on

similar projects at other firms (Tambe & Hitt, 2014a), knowledge transfer from third-party consultants

who have been contracted by the firm (e.g., Chang & Gurbaxani, 2012b; Ko et al., 2005), to knowledge

exchange that is mediated by communication with industry or supply chain participants (Caselli &

Coleman, 2001; Chang & Gurbaxani, 2012a). The literature on IT spillovers has shown that the use of

these means can have a significant effect on firm productivity (Chang & Gurbaxani, 2012a; Cheng &

Nault, 2007, 2012; Tambe, 2014; Tambe & Hitt, 2014a). However, recent work has called for a deeper

understanding of the mechanisms through which they work (Ba & Nault, 2017). In this paper we

aim to respond to this call and deepen our understanding of when IT spillovers to a firm will be most

beneficial by applying a well-known framework from the R&D literature.

Specifically, an established R&D literature on knowledge spillovers (Cohen & Levinthal, 1989, 1990)

has shown that the effects of knowledge flows on productivity is critically conditioned by a recipient

firm’s absorptive capacity (ACAP), defined as a firm’s ability to assimilate, transform, and apply

external knowledge (Cohen & Levinthal, 1989, 1990). In the context of IS research the ACAP concept

has been conceptualized as the extent of prior IT-related knowledge possessed by an organization

(Roberts et al., 2012). Earlier empirical findings suggest that a recipient’s ACAP impacts the amount

of IT knowledge transferred from a knowledge source and reduces knowledge barriers, thus facilitating

IT adoption. For example, within the context of the IT spillovers literature, Chang and Gurbaxani

(2012a) find that firms who have greater prior IT investments receive higher spillover benefits.

Despite the extensive use of the ACAP concept in IS research, a recent review concludes that “there

have been few detailed investigations of the relationship between IT and absorptive capacity” (Roberts

et al., 2012, p. 640). In a similar spirit, we argue that the IS literature has overlooked a key exogenous

driver of a firm’s ACAP as proposed by the original work of Cohen and Levinthal (1989, 1990): the

characteristics of outside knowledge that make its learning more difficult. In this paper we seek to

address this limitation by first introducing a model closely aligned with the original model of Cohen

and Levinthal (1989), where prior related investments in IT systems, characteristics of outside IT

knowledge, and their interaction influence the process of knowledge accumulation through external

sources. We then develop a new measurement strategy for observing knowledge flows related to a firm’s

IT systems by directly studying the activity of IT workers on an online discussion forum.

Online discussion forums play an increasingly important role in diffusing knowledge within the

1For a review of the literature, see, for example, Brynjolfsson and Milgrom (2012). For a recent example, see Tambe
and Hitt (2014a).

2Investments in education, training, health, and values that cannot easily be separated from people are regarded as
human capital (Becker, 2008). As discussed in further detail below, in our setting knowledge acquisition builds human
capital through a variety of formal and informal means. We therefore use the terms “acquire knowledge” and “accumulate
human capital” interchangeably.
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software development community;3 for example, the discussion forum Stack Overflow has over 100

million users4 and a recent survey of that site shows that over 85% of its users visit the site multiple

times per week.5 The SAP Community Network (SCN), which forms the base of our empirical analysis

in the context of enterprise software, has an average of 2 million unique visitors each month.6 The SCN

enables us to track knowledge flows among its users and characteristics of the exchanged knowledge

during a five-year period. We then use these measures to estimate a productivity model augmented by

a factor of production that captures a firm’s knowledge stock, which is critically affected by a firm’s

ACAP.

We find that external IT knowledge flows are absorbed more readily when firms have made

investments in prior related knowledge. This is consistent with prior work that has examined the

implications of IT knowledge flows on productivity (Chang & Gurbaxani, 2012a). However, we extend

this work in important ways: we also show that when external knowledge is more difficult to learn, as

when it is novel, more complex, or less targeted to the recipient’s needs, a firm’s ACAP is lower (Cohen

& Levinthal, 1989, 1990). Finally, and less intuitively, in a more difficult learning environment, the

role of prior related knowledge in building ACAP becomes more important (Cohen & Levinthal, 1989,

1990).

We contribute to recent work seeking to understand the productivity benefits of IT investment and

related business process innovation in several ways. First, as noted above, we advance recent work

trying to understand the productivity benefits of external knowledge acquisition or “IT spillovers” (e.g.,

Chang & Gurbaxani, 2012a, 2012b; Tambe & Hitt, 2014a) by demonstrating the conditions under which

external knowledge acquisition leads to higher productivity. Recent work has highlighted heterogeneity

in the value of IT knowledge spillovers that are mediated by formal channels such as employment

relationships (Tambe & Hitt, 2014a; Thornton & Thompson, 2001). These results are valuable; however,

this type of knowledge acquisition is expensive and may not be appropriate for all circumstances.

In contrast, there has been less progress in understanding heterogeneity in the value of IT spillovers

through informal channels. This may be due to data limitations; a common approach in this literature

is to study the impact of spillover pools in which the weights through which the pools influence the

focal entity are defined by geographical proximity, supply chain relationships, or competition (Alcácer

& Chung, 2007; Cheng & Nault, 2007, 2012; Han et al., 2011). While such approaches have their merits,

they are unable to discern the specific channels of knowledge transfer and the nature of knowledge

flows through firms.

As the context of our work differs from studies that examine the characteristics of knowledge in the

R&D literature, it is unclear ex ante whether the results from that literature will hold in our setting.

The motivations behind the R&D literature focused on why and how prior R&D investments might help

firms keep abreast of related technological developments and facilitate the assimilation of technology

3see http://nymag.com/intelligencer/2017/03/the-hidden-power-of-stack-overflow.html.
4see https://stackoverflow.blog/2019/01/18/state-of-the-stack-2019-a-year-in-review/.
5see https://insights.stackoverflow.com/survey/2019.
6see https://en.wikipedia.org/wiki/SAP Community Network.
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developed elsewhere (Cohen & Levinthal, 1989; Tilton, 1971). In contrast, in our setting—and in

other prior research that studies knowledge transfer related to enterprise software—there is direct

communication between a source and recipient that should facilitate transfer of all types of knowledge

(Szulanski, 1996). As a result, prior IS research has argued that knowledge characteristics are less

important than other antecedents to the transfer of knowledge in the context of enterprise information

systems (Ko et al., 2005).

More broadly, our research approach provides a unique strategy to quantify heterogeneity in

knowledge flows. In the past, due to the inherent measurement difficulties, efforts to measure this

type of spillovers have relied upon survey-based measures (e.g., Aral & Weill, 2007; Bresnahan et al.,

2002; Sambamurthy et al., 2003), investments in related technologies (Greenstein & Nagle, 2014; Nagle,

2019), or, more recently, human capital data obtained from résumés and social network profiles (e.g.,

Tambe & Hitt, 2014a). Similarly, most prior IS literature has measured ACAP directly using survey

data (Roberts et al., 2012, p. 632). One challenge faced by many of these approaches is that they

are often costly to implement, suffer from recall biases, and are limited in their ability to measure

heterogeneity in knowledge flows. The research approach presented in this work provides insights for

other researchers on how to use alternative, archival data to study questions in this research area.

2 Theory and Hypotheses

2.1 External Knowledge Flows, Absorptive Capacity, and Productivity

The effective implementation and use of IT within organizations has emphasized the view of IT as an

enabler of business process innovation. Business process innovation requires a range of investments

in computing hardware and software as well as changes to process flows, human capital, and other

organizational practices (Bresnahan & Greenstein, 1996). In the context of enterprise software, for

example, adopters of Enterprise Resource Planning (ERP) systems must incorporate local business

rules into ERP software through a process of configuration and customization.

The knowledge and expertise of using IT to enable business process innovation is typically embodied

in IT workers (e.g., Tambe & Hitt, 2014a). This expertise can be accumulated through a process

of on-the-job skill acquisition (Benkard, 2000; Lieberman, 1984; Thornton & Thompson, 2001), or

facilitated by accessing external knowledge sources. One channel through which knowledge can be

transferred between firms is the direct acquisition of human capital through employment contracts.

For example, through the acquisition of experienced IT workers, firms can obtain access to knowledge

gained by these workers through their training at their previous employer (Tambe & Hitt, 2014b).

This type of knowledge can also be transferred through informal interactions between firms, which

are often labeled as knowledge spillovers (Griliches, 1979). In the context of enterprise software, these

types of informal interactions take place through many channels. For example, the Americas’ SAP

Users’ Group (ASUG) hosts face-to-face meetings where users can share experiences of implementing
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SAP software and benchmarking best practices. SAP also provides opportunities for knowledge transfer

and human capital development via online channels. As described in greater detail below, the SAP

Community Network (SCN) offers a platform for SAP users, partners, and employees to provide

user-to-user support using web-based collaboration tools.

Recent evidence from other avenues for knowledge exchange such as developers conferences, open

source software development and standards-setting processes suggests that participation in such

environments, whether virtual or physical, can augment the human capital of participants (Foerderer,

2020; Lakhani & von Hippel, 2003; Nagle, 2018). In the context of developing and implementing IT

systems, this type of human capital augmentation will make IT workers more productive when engaging

in business process innovation, which will in turn have a positive impact on firm productivity (Tambe

& Hitt, 2014a). In line with this thinking, we investigate whether exposure to external knowledge

inputs through informal channels such as online knowledge communities will have an impact on firm

total factor productivity (TFP).

Firms may differ in their ability to assess the value of the external IT knowledge and apply it for

productive use. It is well understood in the context of R&D that outside sources of knowledge are an

important input into the innovation process (Cohen & Levinthal, 1990), and a firm’s investment in

R&D serves dual purposes: it not only generates new information but also enhances the firm’s ACAP

(Cohen & Levinthal, 1989). ACAP is shown to be path dependent and is a function of prior knowledge

accumulation (Cohen & Levinthal, 1990). IS researchers have broadly leveraged the ACAP concept in

the context of several streams of IS research, including research on knowledge transfer, IT assimilation,

and IT business value (Roberts et al., 2012). While many researchers identify ACAP as a capability,

most prior work in IS argues that such capability is a function of relevant prior knowledge. In the

context of IT-related spillovers, for example, ACAP has been considered mainly dependent on a firm’s

prior IT investments (Chang & Gurbaxani, 2012a; Han et al., 2011).

Extending this prior work, we first argue that IT investments serve dual purposes: IT not only

creates value through the use of information systems but also equips the firm with the ability to absorb

external IT knowledge, assimilate it, and apply it for productive use, which contributes to the firm’s

productivity indirectly when opportunities to absorb external knowledge inputs arise. However, as

more fully articulated in the following section, we push this view further by capturing a neglected driver

of ACAP in the existent IS literature: the nature of knowledge (Kogut & Zander, 1992; Teece, 1977)

and its interplay with a firm’s accumulated IT knowledge stock.

2.2 A Model of the Effect of IT Spillovers on a Firm’s Productivity

To understand how IT spillovers can affect firm’s productivity, we adopt a production function approach

and extend it by incorporating the effect of the knowledge stock related to enterprise systems as an

input. A typical production function relates firm output to factors of input. For example, a simple

form of a three-factor Cobb-Douglas production function has been widely used in prior studies on IT
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productivity (Brynjolfsson & Hitt, 1996; Dewan & Min, 1997):

Y = AKαLβCη, (1)

where Y is the quantity of production output, K is the stock of non-IT capital, L is the stock of labor,

C is the stock of IT capital, and A denotes the total factor productivity (TFP), which is defined as the

output contribution that is not explained by the factor inputs and is often interpreted as technological

progress. To incorporate the role of IT spillovers, we follow the literature on R&D spillovers by adding

to equation (1) a factor that captures the knowledge stock related to enterprise software, Zit. In keeping

with the work of Cohen and Levinthal (1989, henceforth C&L), we model the IT knowledge stock as

Zit = MitS
γit

it , (2)

where Mit represents a firm’s accumulated investments in enterprise systems, which includes investments

in a combination of hardware, software, and human capital such as training. Sit represents flows of

external knowledge available in the public domain that can be accessed through various channels, as

discussed above.7 γit measures the extent to which the focal firm is able to recognize the value of

external information, assimilate it, and effectively utilize it in a business setting. It therefore represents

the firm’s ACAP. We also assume a translog specification for ACAP, such that

γit = f(Mit, Dit) = γ0 + γ1lnMit + γ2lnDit + γ3lnMitlnDit. (3)

Consistent with C&L, equation (3) specifies ACAP as a function of the firm’s accumulated investments

in enterprise systems, Mit, the characteristics of outside knowledge that make learning more difficult

(or difficulty of learning), Dit, and their interaction. The interaction term reflects the idea that the

importance of prior IT investments to knowledge assimilation will depend upon the difficulty of learning,

a key feature of the model in C&L.8 We emphasize here that while the dependence of γit on Mit has

been previously examined in the IS literature, the role of Dit and its interplay with Mit, to be explained

below, have been mostly ignored.

Integrating equations (2) and (3) into equation (1) and assuming the output elasticity of Zit is ϕ,

we can write a firm’s output as:

Yit = Kα
itL

β
itC

η
itM

ϕ
itS

ϕ(γ0+γ1lnMit+γ2lnDit+γ3lnMitlnDit)
it , (4)

7Our model and data analysis assume that knowledge stocks are formed based on the accumulated enterprise IT
investments and flows of external knowledge related to enterprise software. We will explore the robustness of our results
to the inclusion of other sources of spillovers in the empirical section.

8Note that in C&L γ0 = 0. We add it here to be more general, and it allows absorptive capacity to have an independent
effect on the production function, as evident in the equations (4) and (5).
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or in log form,

yit = a+ αkit + βlit + ηcit + ϕmit + γ′
0sit + γ′

1mitsit + γ′
2ditsit + γ′

3mitditsit, (5)

where we use standard notation and denote terms in their log form using lowercase letters. Further,

γ′
0 = ϕγ0, and we use similar notation for the other knowledge absorption terms. We now use the

log-form of the production function equation (5) to derive a set of hypotheses related to how ACAP

mediates the effect of IT spillovers on a firm’s productivity.

2.2.1 Prior Related IT Investments

Firms engaging in new business process innovation will experience greater benefits when they have

already made inroads through internal knowledge accumulation (Cohen & Levinthal, 1989; Ko et al.,

2005). The impact of prior knowledge in facilitating the absorption and adaptation of external knowledge

to the focal firm’s idiosyncratic needs is salient when some portion of that prior knowledge stock is

related to that acquired externally (Cohen & Levinthal, 1990). As pointed out above, this idea is

consistent with a substantial body of work in IS (Gao et al., 2017; Roberts et al., 2012). We investigate

the salience of this hypothesis by examining the extent to which IT expertise accumulated within an

organization through prior investments in enterprise systems increases the productivity benefits of

external knowledge acquisition.

More formally, our theory suggests that ACAP is increasing in a firm’s accumulated investments in

enterprise systems. That is, in equation (3), ∂γit/∂mit = γ1 + γ3dit > 0. Since ϕ > 0 in equation (5),

the positive dependence of ACAP on mit implies that the effect of spillovers on output is positively

moderated by mit, or ∂2yit/(∂sit∂mit) = γ′
1 + γ′

3dit > 0. We therefore formulate the following

hypothesis:

Hypothesis 1. The effect of IT spillovers related to enterprise software on a firm’s output is positively

moderated by the firm’s prior investments in enterprise software.

2.2.2 Characteristics of External Knowledge

The costs of transferring knowledge across firm boundaries often depend upon the nature of knowledge

(Teece, 1977). C&L highlight that the value of external knowledge to a firm is greater when that

knowledge is easier to assimilate and exploit. While the idea is intuitive, specifying ex-ante the features

of external knowledge that affect learning in different contexts is more difficult and often less intuitive.

C&L maintain that the assimilation of R&D knowledge will depend on such factors as the complexity

of the knowledge, how explicit and codified the relevant knowledge is, and the degree to which that

outside knowledge is targeted to the needs of the firm (Cohen & Levinthal, 1989, 1990). Their setting

focuses on the ability of firms to incorporate findings from external R&D into internal R&D efforts; in

contrast, ours involves adapting external knowledge on enterprise systems to a firm’s specific needs.
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We highlight key institutional features of our setting to show how features of enterprise software map

to the characteristics of difficulty as highlighted by C&L.

Earlier research shows that there are often significant knowledge barriers that firms must overcome

to adopt and implement information systems like enterprise software (Attewell, 1992; McAfee, 2002).

The complexity of enterprise systems software and its high costs of deployment is well established (e.g.,

Davenport, 2000), as are the need for exchange of tacit knowledge for its successful implementation (Ko

et al., 2005). Here we focus upon a particular attribute of the difficulty of knowledge that is related to

the knowledge characteristics highlighted by C&L and that varies over time and across firms within our

sample: the extent to which external knowledge is related to novel, newly-developed technologies.

When knowledge is new, less information may be available on how to apply it properly (Cohen &

Levinthal, 1989; von Hippel, 1994), and there may be causal ambiguity regarding why and when it

provides a solution to problems (Szulanski, 1996). Within the context of enterprise software, knowledge

barriers to the implementation of enterprise software may arise both due to changes in existing products

as well as when adopting new products. Existing products may change because of new version releases,

mergers and acquisitions, technological progresses, and policy and regulatory changes (Foerderer et al.,

2018). New products may incorporate novel knowledge domains or recent technological breakthrough.

As a result, much of the relevant knowledge for new products have yet to be codified. Further,

standardization of the language used to describe new knowledge and the models used to represent

it—an important aspect of knowledge codification—often takes time to mature (Cowan et al., 2000). All

of these factors make new products difficult to learn.9 This is consistent with studies showing that for

IT knowledge related to new applications, the extent of required co-invention may be greater and more

context-dependent because standardized solutions have yet to be deployed and refined (Bresnahan &

Greenstein, 1996). Evidence of these differences have been found in other settings as well; for example,

von Hippel and Tyre (1995) show that avoidance of problems when using a new process machine may

require a great deal of information about the setting where it is to be applied.

Due to the significant knowledge barriers involved, we expect that, all else being equal, a firm’s

ACAP will be lower when external knowledge is related to new or less mature technological domains.

That is, in equation (3), ∂γit/∂dit = γ2 + γ3mit < 0. Since ϕ > 0 in equation (5), the negative

dependence of ACAP on dit implies that the effect of spillovers on output is negatively moderated by

dit, or ∂
2yit/(∂sit∂dit) = γ′

2 + γ′
3mit < 0. We therefore formulate the following hypothesis:

Hypothesis 2. The effect of IT spillovers on a firm’s output is negatively moderated by features of

external knowledge that make it more difficult to learn, such as its novelty.

9This argument has also been used to explain higher levels of spatial clustering in the early phases of an industry
lifecycle, when new knowledge plays an important role and the associated transfer of tacit knowledge is facilitated by
geographic proximity (Audretsch & Feldman, 1996).
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2.2.3 The Interaction of Prior Related IT Investments and Characteristics of External

Knowledge

The stock of related IT investments and the nature of knowledge acquired externally are characterized by

important interdependencies. In particular, the role of prior IT investments in the process of knowledge

assimilation depends upon the nature of knowledge the firm is seeking to acquire. A related point has

been demonstrated in the R&D literature (Cohen & Levinthal, 1989), which has shown that related

internal R&D becomes more important in the acquisition of external knowledge when that external

knowledge is more complex and less targeted at the needs of the firm. Under these circumstances, the

firm’s prior related investment becomes vital to the assimilation and use of external knowledge.

As discussed above, some characteristics make external knowledge more difficult to learn, which in

turn might influence the extent to which prior related IT investments contribute to a firm’s absorptive

capacity. We expect that the prior related IT investments play a greater role in absorbing knowledge

acquired from external sources when a large fraction of external knowledge involves novel knowledge.

In other words, firms with prior related IT investments will receive greater benefits (i.e., higher

productivity) from external knowledge flows related to novel knowledge—knowledge that is difficult to

be transferred and absorbed. This is because it is more challenging for the receiving firm to translate

insights gained from this type of knowledge acquisition into a valuable set of actions related to processes,

decision rights, and organization. In other words, firms with prior related investments on how to

implement enterprise software will be able to derive value from inflows from this type of knowledge—in

this setting, firms are able to put insights learned into productive use. However, prior IT investments

and associated cumulated IT human capital will have less influence on the value obtained from flows of

less novel and well-codified knowledge, because transferring such knowledge requires little adaptation

and customization.

To summarize, we expect prior investments in enterprise systems to be more important to the

firms’ ability to exploit external knowledge when the external knowledge is novel. Referencing equation

(3), we expect that ∂2yit/(∂mit∂dit) = γ3 > 0. Since ϕ > 0 in equation (5), the positive interaction

between mit and dit on ACAP implies that ∂3yit/(∂sit∂mit∂dit) = γ′
3 > 0. We therefore formulate the

following hypothesis:

Hypothesis 3. When the difficulty of learning is high, such as when external knowledge is novel, the

moderating effects of prior investments in enterprise software on the relationship between IT spillovers

and a firm’s output will be stronger.

3 Research Context

Our research questions require a robust measure of interfirm knowledge flows related to the use of IT

with observable knowledge characteristics. We use the online community network created by SAP as

the context of our study.
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We choose enterprise software as the background for measuring IT knowledge flows for several

reasons. First, investment in enterprise software and its implementation accounts for a significant

portion of total business-related IT spending (Brynjolfsson et al., 2002). According to one estimate,

in 2013 SAP customers across the world invested around $204 billion dollars in SAP-related software,

labor, and infrastructure (e.g., Mirchandani, 2014, p.34). In addition, adoption of enterprise software

has been shown to be associated with significant improvements in firm financial and operational

performance (Hitt et al., 2002). However, implementing enterprise software is complex and requires

complementary business process innovation; because of these challenges, projects frequently take longer

than expected, and benefits take a long time to achieve (McAfee, 2002). Lastly, knowledge of how

to implement enterprise software systems is widely distributed among users (Yusuf et al., 2004) and,

because of the heterogeneous environments in which systems are implemented, not easily contracted

out. Internal human capital accumulation occurs as users learn how to deploy software functionality in

their organizations through a series of projects (Aubert et al., 2012). Thus, our environment offers a

useful test case for understanding the interrelationships between the internal stock of IT knowledge and

efforts to develop human capital through external interactions facilitating the accumulation of internal

knowledge.

In 2003 SAP established an Internet-based network of practice, the SAP Developer Network (SDN).

The SDN was later expanded to include a community for business process experts and was expanded

still further over time to incorporate other communities that interface with SAP’s products. Given

this increase in breadth, the SDN is now known as the SAP Community Network (SCN). It hosts

forums, expert blogs, a technical library, article downloads, a code-sharing gallery, e-learning catalogs,

wikis, and other facilities through which users contribute their knowledge. As of 2008, the community

comprised active users from 224 different countries.

The SCN community has a contributor recognition program that awards points to community users

for contributing technical articles, code samples, videos, wiki entries, forum posts, and weblogs. For

example, when users participate in a forum discussion, they can receive points for posting solutions to

existing discussion threads marked as questions, if their answers are deemed helpful by the person who

asks the question. SAP publicly recognizes its most active contributors. For example, on the “Top

Contributors” page, SCN lists the top 50 contributors as measured by total reward points.

Participation in the community network starts with a registration process in which a user builds

a profile by providing basic personal information such as the name of their employer. Using this

piece of information, it is possible to aggregate the knowledge flows to firms whose employees actively

participate in SCN. The user’s profile also lists the user’s name, country of origin, relationship to SAP,

email address, phone number, expertise, and LinkedIn profile page.

To track knowledge flows among SCN users, we focus on user interactions through the most frequently

used communication format: discussion forums. Although SCN users may access knowledge through

other formats such as wikis, blogs, and articles, these other formats have fewer active participants than

discussion forums, and knowledge flows arising from the use of these other channels are unfortunately
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not measurable. The primary purpose of the discussion forums is to provide an avenue for conversations

among the community users to help one another solve problems encountered during the implementation,

deployment, and use of SAP software (Fahey et al., 2007). The forums are organized according to

domains of knowledge or expertise, each of which usually corresponds to a technical domain (e.g.,

database or operating system), a particular SAP software module, or the application of SAP to a

particular industry.

Conversations in each forum are organized by discussion thread. Each thread is initiated by a

knowledge seeker, who posts a specific question in a topic forum. Knowledge contributors, in turn,

post responses that attempt to answer the question. A discussion thread therefore consists of a list

of messages, and each message (either a question or an attempted answer) contains the information

about the member who posts the message, the body of the message, and a time stamp. After a correct

answer (judged by the knowledge seeker) is received, the discussion thread is closed.

We developed a web scripting tool and obtained the complete history of SCN forum discussions

from 2004 to 2008. The dataset includes about 1.1 million discussion threads with 5.0 million messages

posted in 209 topic forums. In Appendix Table A1, we present some summary statistics of the evolution

of the SCN over our sample period, including numbers of registered users, topic forums, and the

discussion threads posted in these forums. Overall, we find that the online community has experienced

rapid growth since its establishment: by the end of our sample roughly one-quarter of the questions are

solved by the collective effort of the community users, and the average time to obtain a correct solution

is less than five days.

4 Data and Methods

4.1 Estimation Model

We estimate equation (5), after introducing firm- and year-fixed effects and the idiosyncratic error, using

a panel data model exploiting within-firm variation over time, as specified in the following equation:

yit = a+ αkit + βlit + ηcit + ϕmit + γ′
0sit + γ′

1mitsit + γ′
2ditsit + γ′

3mitditsit + µi + δt + ϵit. (6)

As explained in section 2.2, Hypothesis 1 is equivalent to ∂2yit/(∂sit∂mit) = γ′
1 + γ′

3dit > 0. A test

of Hypothesis 2 is equivalent to testing ∂2yit/(∂sit∂dit) = γ′
2 + γ′

3mit < 0. Finally, Hypothesis 3 is

equivalent to testing ∂3yit/(∂sit∂mit∂dit) = γ′
3 > 0.

4.2 Data

We construct a dataset of publicly traded firms that are SAP adopters. Our data come from a variety of

sources. Our primary measure of knowledge transfer comes from user activities in the discussion forums

on the SCN. To identify SAP adopters, we obtained a detailed list of all installations of SAP product
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modules in the United States prior to the end of 2004 from SAP. We use the Harte Hanks Computer

Intelligence (CI) Technology database to collect firm-level IT investment data. The CI database records

detailed information about IT infrastructure for most of the Fortune 1,000 firms, including data on

the quantity of mainframes, peripherals, minicomputers, servers, and PC systems, as well as other IT

hardware. The CI database has been widely used by prior studies to investigate issues related to IT

productivity (e.g., Brynjolfsson & Hitt, 2003; Chwelos et al., 2010; Dewan et al., 2007). The CI data

were matched with Standard and Poor’s Compustat database to obtain financial data that we use to

construct measures of production output, non-IT capital stock, and labor expenses.

4.2.1 Sample

Our sample is constructed in several steps. It begins in 2004 with the start of SCN and ends in 2008,

which is the last year for which we have IT investment data. To obtain the data for our sample, we first

retrieve the set of firms that were on the Fortune 1,000 list at least once during 2004-2008 and match

them to Compustat data. We then match these firms with the CI database. Because we are interested

in knowledge spillovers related to the implementation and the related business process innovation in

SAP products, we further restrict our sample to those firms that had installed at least one SAP module

prior to the end of 2004. We note that this sample of firms represents the complete set of firms for

whom our hypotheses are relevant. Our interest is on how the effect of knowledge flows related to SAP

software on productivity is affected by the difficulty of knowledge (dit) and prior related investments

(mit), and these key variables in our regression model such as dit and mit are not defined for firms

without knowledge flows related to SAP and investments made in SAP software. The final sample is an

unbalanced panel of 275 firms with 1,240 observations over a five-year period.

4.2.2 Variables

In this subsection we describe the variables used in our analysis. We first describe the variables that

measure productivity, labor, and IT and non-IT capital, followed by the variables measuring knowledge

flows and those related to absorptive capacity.

In this subsection we describe the variables used in our analysis. We first describe the variables that

measure productivity, labor, and IT and non-IT capital, followed by the variables measuring knowledge

flows and those related to absorptive capacity.

Production Function Inputs and Outputs

IT Capital. Our measure of IT capital is derived from the CI database. The information in the

database covers major categories of IT hardware investments made by firms, such as personal computing,

systems and servers, networking, software, storage, and managed services. Historically, the CI database

has provided direct measures of IT capital stock, but this measure is not available over the years of

our sample. As a proxy, we adopt the method used by Brynjolfsson and Hitt (1995), Dewan and Min

(1997), Gu et al. (2008), and Hitt and Brynjolfsson (1996) and measure the IT capital stock using an

estimate of the market value of the IT hardware systems plus three times the current year IT labor

12



expenses. Inclusion of IT labor expense in the calculation of IT capital is justified by the fact that

a large fraction of IT labor expenses is dedicated to the development of computer software, which is

a capital good. The assumption that underlies this method is that the current IT labor spending is

a good proxy for the IT labor expenses in the recent past, and IT staff “stock” depreciates fully in

three years (Brynjolfsson & Hitt, 1995). Details of the computation of this variable are presented in

Appendix I.

Production Output. We follow prior literature (Brynjolfsson & Hitt, 2003; Dewan & Min, 1997)

and use added value as the measure of production output, which equals deflated sales less deflated

materials. Compared to sales, added value is said to be less noisy and more comparable across industry

sectors (Dewan & Min, 1997). Annual sales numbers are retrieved from Compustat, and we deflate

them using industry-specific (at the two-digit NAICS sector) price deflators from BEA’s Gross Output

and Related Series by Industry. Materials are calculated by subtracting undeflated labor and related

expenses (Compustat data item XLR) from undeflated total operating expenses (Compustat data item

XOPR), and deflating by the BLS Producer Price Index (PPI) for intermediate materials, supplies, and

components.

Non-IT Capital. The calculation of total capital stock is similar to that in Brynjolfsson and Hitt

(2003) for ordinary capital. Specifically, the gross book value of capital stock (property, plant, and

equipment [Total-Gross], Compustat data item PPEGT) is deflated by an industry-specific capital

investment deflator reported in BLS 1987-2010 Detailed Capital Measures.10 In order to apply the

deflators, the average age of capital stock is calculated as the ratio of total accumulated depreciation

(Compustat data item DPACT) to current depreciation (DP). We then subtract the deflated computer

capital from deflated total capital to get the value of non-IT capital.

Non-IT Labor. Consistent with prior studies on IT productivity (Bresnahan et al., 2002; Brynjolfsson

& Hitt, 2003), total labor expense is either obtained directly from Compustat labor and related expenses

(data item XLR) or calculated as the product of a firm’s reported number of employees (Compustat

data item EMP) and industry-average labor cost per employee, and deflated by the BLS Employment

Cost Index (ECI) for private industry workers. Average labor cost per employee is obtained from

National Sector NAICS Industry-Specific estimates series of BLS OES. To account for the fraction

of benefits in total compensation, we multiply the wage number by the ratio of total compensation

to salary, which is obtained from BLS Employer Costs for Employee Compensation (ECEC) series.

Non-IT labor is defined as the difference between deflated total labor expense and IT labor expense.

Variables Measuring Knowledge Flows and Absorptive Capacity

Sit: External Knowledge Flows. We measure flows of IT-related knowledge acquired externally, Sit,

from forum conversations that took place on the SCN. For each question that is posted, the rules of the

SAP reward program specify that the knowledge seeker can use her discretion to judge the quality of

answers posted by knowledge contributors and distribute reward points as follows: 10 reward points for

correct answers (at most 1 answer can be evaluated as correct), 6 points for very helpful answers (at

10Retrieved from http://www.bls.gov/mfp/mprdload.htm.
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most 2 answers), and 2 points for helpful answers (no limit on number). We define a knowledge inflow

as an incident when a knowledge seeker gives reward points to knowledge contributors in recognition of

their quality responses. As noted above, we use a crawler program to identify user information, such as

location and firm. Next, we select all the users that reside in the United States and match them to

firms in our sample by examining their employer affiliations and domains of their email addresses.

For each user a who is an employee of firm i, we retrieve all the discussion threads that were initiated

by a in year t and examine the history of the answers posted by other forum users. If a received any

correct, very helpful, or helpful answers in year t, the total number of reward points she gave to the

knowledge contributors are used as a proxy for inward IT spillovers to a. The reward points are then

aggregated across all the threads posted by a in year t to derive an individual-level knowledge inflow,

Sat. The firm-level spillover variable is defined as the sum of knowledge inflows of all the individuals

who are employees of the firm:

Sit =
∑
a∈Fi

Sat

where Fi is the set of users who are employees of firm i.11 We exclude from this measure within-firm

knowledge flows, i.e., knowledge flows in which both the source and the recipient are employed by the

focal firm i.

Our measure of knowledge inflow is likely to suffer from measurement error due to missing data

on the knowledge seekers who did not report their employers.12 However, we observe no systematic

differences in knowledge inflow between questions asked by knowledge seekers who reported their

employers and those asked by seekers who did not reveal their employers: the average inflow per

question per year is 2.91 for nonreporting seekers and 3.08 for reporting seekers, and the difference is

not statistically significant (p = 0.35). If firms strategically promote employee activity in SCN and

other communities (Mehra et al., 2011), then Sit may serve as a proxy for the broader receptivity of

the firm to external inflows. We consider this possibility further in section 5.2.

Dit: Difficulty of Learning. Our primary measure of difficulty of learning captures the novelty of

external knowledge and the rate at which it is changing. As noted earlier, novelty may arise from two

sources. One source of novelty is changes in existing products that may arise from new versions, major

upgrades or changes to the underlying technology used in the product. For example, during our sample

period, SAP switched from its traditional product strategy to a platform ecosystem strategy when

it unveiled its NetWeaver platform, which incorporated its traditional proprietary ERP technologies

with more recent web-based technologies (Lakhani et al., 2014). Another source may arise from the

introduction of entirely new products, for example the introduction of new products and services

around Business Objects after SAP’s acquisition of that company. New forums will be introduced as a

result of these developments. For example, after SAP’s acquisition of Business Objects it merged the

11We use the log(1+Sit) transformation in all regressions as a measure of sit to avoid loss of observations when Sit = 0.
To probe the robustness of our procedure, we re-estimated our models adding a dummy variable = 1 when Sit = 0, and
find that our results are qualitatively unchanged. Results are available upon request.

12For example, among all the discussion threads that are initiated by US knowledge seekers during our sample period,
only 48% (23,973 out of 49,977) of them have a seeker who reported an employer.
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Business Objects Diamond community into SCN13 and introduced several new forums such as “SAP

BusinessObjects Enterprise/Edge” and “SAP Crystal Reports Server Administration.” Following the

launch of NetWeaver based platform, a total of 18 new forums related to NetWeaver were created.

We construct Dit as the percentage of SCN knowledge flows that are derived from forums that

are less than one year old at the time the flow takes place. The variable, Dit, is defined as (1 +

knowledge flows from new forums)/(1 + total knowledge flows), where 1 is added to both the

numerator and denominator to avoid taking the log of 0 when the variable dit—the log of Dit—is

entered into the regression. Summary statistics suggest that questions posted in new forums receive

fewer replies and are less likely to be solved. For example, the number of replies posted within 3 days

is equal to 2.660 for new forums compared to 3.777 for existing forums (p < 0.001), while the likelihood

of receiving an answer within 10 days that the question asker says has solved the problem is equal

to 16.7% for new forums and 23.9% in existing forums (p < 0.001). While we are unable to discern

whether these differences are due to something inherent about the nature of knowledge in new and

existing forums or because the number of participants in new forums is smaller, in either case it means

that other things being equal questions posted in new forums are less likely to receive answers that

address the firm’s needs.

We explore the robustness of our analysis to other measures that capture the degree to which

knowledge is easier to assimilate and exploit. Prior research has emphasized two distinct dimensions of

IT knowledge that are particularly relevant in the process of adopting an information system: technical

knowledge and business functional knowledge (Lee et al., 1995). The latter type of knowledge is often

context dependent, and requires identifying the correct system of activities within the context of the

firm and implementing them successfully (Brynjolfsson & Milgrom, 2012). We distinguish between these

two sources of knowledge by examining the forum in which a knowledge seeker’s question is raised. We

define a forum as technically oriented if the forum is dedicated to topics related to low-level, enabling

technologies of an enterprise system, such as programming languages, database technologies, data

transfer issues, and reporting and formatting tools. In contrast, we define a forum as business oriented

if the discussion topics in the forum focus on the configuration of the enterprise system to implement

a particular business function or process, such as monitoring employee performance, coordination of

supply chains, consolidating procurement processes, or managing projects.14 Our alternative measure

for Dit is therefore defined as the share of the inflows related to business functional knowledge.

Mit: Prior Investments in Enterprise Systems. Unlike our variables Sit and Dit for which we

have direct measures of knowledge flows and their characteristics, we do not directly observe prior

investments in enterprise systems. As is well known, measures of direct (e.g., software license fees) and

indirect (e.g., human capital investments) spending related to enterprise systems generally cannot be

observed except through survey measures, such as those employed by Brynjolfsson et al. (2005). In the

13see https://blogs.sap.com/2008/01/22/business-objects-diamond-bring-us-value/.
14Some examples of technical-oriented forums are Java Programming, Form Printing, SAP on SQL Server and Data

Transfers. Some examples of business-oriented forums are Logistic Materials Management, Sales and Distribution General,
and ERP Operations–Quality Management.
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absence of direct measures of Mit, we compute proxies based on data obtained from inside and outside

the SCN forums.

Our primary measure of Mit incorporates two important elements of investments in enterprise

software: the extent of enterprise software adoption (which is directly related to software licensing costs

and implementation costs), and human capital investments related to its adoption such as training

costs. A typical SAP system consists of a series of technical and functional modules.15 Using data

that we obtained from SAP, we measure enterprise software adoption by calculating the number of

SAP modules that were installed by the focal firm prior to 2004 (the first year of our sample). We

then use data from the CI database on the number of IT employees in a firm as a proxy for human

capital investments. We assume that Mit = (IT employee)(α∗number of SAP modules), or equivalently,

mit = log(Mit) = α ∗ (number of SAP modules) ∗ log(IT employee).

We additionally create an alternative measure of prior related knowledge based on the participation

of the firm’s employees in the SCN community. Specifically, we compute the cumulative contributions

to SCN forums made by all the employees of firm i prior to year t (measured by reward points they

earned) and create a binary variable whose value is set to 1 if cumulative contribution made by a firm’s

employees is greater than the sample mean. These types of contributions to crowdsourced communities

have been shown to contribute to organizational learning (Nagle, 2018).

In sum, we view these measures as related and use them together to triangulate our understanding

of the behavior of the same (ultimately unobserved) variable. An analysis of the data supports this

assertion: the mean of the first measure of mit—the IT employee weighted number of SAP modules—for

firms that have a high cumulative knowledge contribution is 43% higher than that for firms with a low

cumulative knowledge contribution.

Control Variables

We also include a number of variables that control for firm activities on the SCN forum other than

knowledge flows, such as the cumulative number of registered users who are the focal firm’s employees

in the SCN, and the total number of questions raised by a firm’s employees. While not directly related

to receiving answers to questions, these variables could capture other unobservable factors associated

with the propensity to learn or use the online platform, such as heterogeneity across firms’ policies on

the use of SCN or other relevant firm capabilities.

One possible source of omitted variable bias is our limited ability to observe other forms of knowledge

inflows associated with user activities on SCN. In particular, we measure spillovers based on forum

Q&A discussions, and for such spillovers to be observed, the knowledge seeker must explicitly ask a

question in the forum and receive some helpful answers. However, knowledge seekers may also obtain

knowledge spillovers without explicitly asking questions, especially when similar problems have already

been solved by community members—e.g., they can perform a keyword search on SCN forums and find

existing solutions to their problems, instead of initiating a new Q&A discussion thread. To address

15Typical SAP technical modules are ABAP (Advanced Business Application Programming) and BASIS (Business
Application Software Integrated Solution). Typical SAP functional modules are FICO (Finance & Controlling), HR
(Human Resource), and MM (Material Management).
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Table 1: Summary Statistics

Variable Mean Std. dev Min Max

Annual sales (million $) 16,649.51 33,024.88 298.91 364,392.40
Added value (million $) 5,491.17 8,811.34 118.11 73,242.29
Non-IT capital (million $) 12,526.01 29,661.25 48.44 321,772.70
IT capital (million $) 97.49 138.29 0.00 1,181.67
Non-IT labor (million $) 2,781.93 4,405.87 28.75 40,586.13
No. of employees (thousands) 41.17 59.59 0.66 428
Knowledge inflows (reward points) 10.71 93.82 0 2,190
Difficulty of learning (pct. of knowledge related to business)* 0.43 0.40 0.00 1
Difficulty of learning (pct. of knowledge from new forums)* 0.11 0.21 0.00 1
Prior investments in Enterprise Systems (in log) 81.67 54.19 0 291.11
High Related Knowledge in Human Capital (binary) 0.08 0.26 0 1
Number of SCN users 2.94 6.52 0 97
Number of questions 3.58 12.45 0 220
Learning by reading 11,723.21 93,621.67 0 2,451,835

Notes: Number of observations: 1,240. Number of firms: 275. * Summary stats for difficulty are based on observations
with nonzero knowledge flows.

this confounding factor, we construct a control variable to capture the effect of learning by reading

existing posts. The first step in this process involves identifying the size of the existing knowledge

pool associated with a forum j in year t. We count the number of all resolved cases (questions that

received correct answers) by the end of year t in forum j—defined as Pjt—as a proxy. To account for

the degree to which firm i is able to use the existing knowledge pools (e.g., by reading existing posts),

in the second step, we use the share of firm i’s activity in forum j as weight. We experiment with two

different weighting schemes: wijt = (uijt/(
∑

j uijt)), where uijt is the number of firm i’s employees

that were active in forum j and year t (a user is active if she participated in at least one discussion in

forum j and year t); and w′
ijt = (qijt/(

∑
j qijt)), where qijt is the number of questions raised by firm

i’s employees in forum j and year t. The control variable is then defined as
∑

j Pjt ∗ wijt. The two

weighting schemes yield very similar results when the control variable is added to the regressions. For

brevity, we report the result using the second weighting scheme.

Table 1 reports the summary statistics of the variables. The average firm in the sample has sales of

$16.65 billion, added value of $5.49 billion, and 41,167 employees, consistent with our sample being

large publicly traded, Fortune 1,000 SAP adopters. In addition, firms in our sample invest heavily in

IT capital, which has a mean level of $97.49 million and a maximum of $1.18 billion. Table 2 provides

the correlation matrix among the key variables. In Appendix Table A2 we provide a breakdown of

the sample firms by vertical industries, which is based on two-digit NACIS sectors. It is notable that

manufacturing firms account for the majority (66%) of the sample, followed by utilities (8%).
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Table 3: Baseline Absorptive Capacity Models

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

homogenous
ACAP

with sit*mit with sit*dit with both
sit*dit and
sit*mit

ACAP model
with 3-way
interaction

Firms with
positive
knowledge flows

kit 0.11181** 0.11263** 0.11242** 0.11325** 0.11389** 0.04089
(0.04415) (0.04426) (0.04416) (0.04426) (0.04427) (0.09505)

cit 0.01908*** 0.01836** 0.01909*** 0.01836** 0.01810** 0.02358*
(0.00735) (0.00736) (0.00734) (0.00736) (0.00738) (0.01216)

lit 0.72779*** 0.72767*** 0.72762*** 0.72750*** 0.72692*** 0.79400***
(0.05871) (0.05875) (0.05875) (0.05879) (0.05877) (0.12264)

mit -0.00065 -0.00064 -0.00065 -0.00065 -0.00064 -0.00068
(0.00070) (0.00070) (0.00070) (0.00070) (0.00070) (0.00056)

sit 0.01435** 0.00649 0.00893 0.00099 -0.00838 -0.00398
(0.00655) (0.00720) (0.00737) (0.00845) (0.01020) (0.01155)

sit*mit 0.00007* 0.00007* 0.00015*** 0.00014**
(0.00004) (0.00004) (0.00005) (0.00007)

sit*dit -0.00153 -0.00155 -0.00404** -0.00373*
(0.00119) (0.00122) (0.00193) (0.00203)

sit*mit*dit 0.00002** 0.00002
(0.00001) (0.00001)

Log(registered users) -0.01243 -0.01434 -0.01208 -0.01400 -0.01399 -0.03354
(0.01575) (0.01604) (0.01566) (0.01595) (0.01592) (0.02554)

Log(questions) -0.01165 -0.01178 -0.01258 -0.01272 -0.01282 -0.03212
(0.02065) (0.02066) (0.02065) (0.02064) (0.02061) (0.02518)

Log(learning by reading) 0.00080 0.00104 0.00092 0.00116 0.00119 0.00619
(0.00415) (0.00417) (0.00417) (0.00418) (0.00418) (0.00600)

Constant 1.67671*** 1.67324*** 1.67284*** 1.66934*** 1.66744*** 1.99911
(0.45722) (0.45771) (0.45763) (0.45810) (0.45819) (1.21803)

Year fixed effects Yes Yes Yes Yes Yes Yes
Observations 1,240 1,240 1,240 1,240 1,240 275
R-squared 0.57767 0.57814 0.57792 0.57840 0.57863 0.64478
Number of firms 275 275 275 275 275 58

Notes: Unless otherwise noted, kit = log(non-IT capital), cit = Log(IT capital), lit = Log(non-IT labor), mit =

Log(prior related investment), sit = Log(knowledge flows), dit = Log(difficulty of learning). The dependent variable is

the natural logarithm of value added. All models use firm-level fixed effects and year dummies. Robust standard errors

(clustered by firm) are in parentheses. All R-square values are “within” estimates that do not include the explanatory

power of the fixed effects. *** p < 0.01, ** p < 0.05, * p < 0.1.

5 Results

5.1 Test of the Absorptive Capacity Model and Hypotheses

We present our main results in Table 3; all models include firm and year fixed effects. We note that

in equation (6), the term dit does not directly influence productivity, i.e., its effect on productivity

operates only through the influence of external knowledge flows, sit. As noted above, because it is

calculated based upon the characteristics of external knowledge flows, dit is defined only when sit > 0.

As a result we include it in our regression models only as it appears in equation (6); that is, in the

interaction terms of ditsit and mitditsit.

Before we show the result from the full ACAP model in column 5, column 1 presents a model in

which we assume that firms have a homogeneous absorptive capacity, i.e., γit is a constant independent

of mit and dit. Because it is omitting key terms that influence the relationship between spillovers
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and productivity, it is subject to a specification error. However, we include it to construct a basis

against which we can compare our primary results. The results from this model show a positive effect

of knowledge flows, implying that a 1 percent increase in the amount of inward knowledge flows is

associated with 0.01435 percent increase in the added value produced by a firm. Considering that

the added value of an average firm in our sample is $5.491 billion, this translates into a $0.79 million

increase in production output. To put it another way, for the average firm in our sample, doubling the

amount of external knowledge obtained from SCN (i.e., knowledge inflows moving from the sample

mean, 10.71 points, to 21.42 points) increases added value from $2.683 billion to $2.710 billion, a $27

million increase.

In the remaining columns we explore the implications of incorporating the elements of ACAP. In

keeping with recent work that has sought to understand how interdependencies between organizational

characteristics, IT, and the external orientation of a firm can contribute to productivity (e.g., Aral et al.,

2012; Nagle, 2018; Tambe et al., 2012) we begin by examining the impact of changes of mit and dit

separately (i.e., without accounting for their interdependence) before estimating the full ACAP model as

specified in equation (6). These results are included in columns 2-4, in which we incrementally include

first the terms sit*mit, sit*dit, and then both terms together (but excluding the term sit*mit*dit). In

such models, when ignoring the higher order interaction terms the impact of changes of the lower order

terms are typically close to their marginal effects when evaluated at the mean value of the omitted

covariates (Balli & Sørensen, 2013). Presenting them provides a useful comparison against the full

model. However, omitting these higher order terms, whose ‘true’ effects are nonzero from the equation,

biases the lower order coefficients (Aiken et al., 1991, p.93). Further, they do not allow us to measure

the interdependencies among the ACAP terms, a key contribution of this paper.

We next present the results of the full ACAP model, accounting for the roles of mit and dit and

their interdependencies, in column 5 of Table 3. In this model, a test of our hypotheses requires us

to compute the linear combinations of coefficients as described in section 2.2, and we present the test

of hypotheses in Table 4. A test of Hypothesis 1 in these models represents a test of the moderating

effect of prior investments (mit) on the relationship between knowledge flows (sit) and output, holding

difficulty of learning (dit) at mean values. Thus, it is a test of the statistic that (γ′
1 + γ′

3dit) > 0.16

Unless specified otherwise, we will focus our discussion on the baseline estimates of column 5 of Table 4.

The test in column 5 shows that Hypothesis 1 is supported at p < 0.01 level. The point estimate of this

hypothesis test is similar to those of the models excluding the higher order terms (0.00014 in column 5

of Table 4 compared to 0.00007 in columns 2 and 4), though the magnitude and significance levels are

slightly higher, perhaps because the fully specified model incorporates the impact of the (non-zero)

higher order terms.

We further illustrate the moderating effect of prior investments on spillovers by plotting the value of

the statistic (γ′
1 + γ′

3dit) at different levels of dit, together with its 90% confidence interval, in Figure 1.

16For additional details on computing linear combinations of coefficients, see Aiken et al. (1991) and Jaccard et al.
(1990).
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Table 4: Hypotheses Testing

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

H1: N/A 0.00007
(p = 0.094)

N/A 0.00007
(p = 0.099)

0.00014
(p = 0.007)

0.00016
(p = 0.053)

H2: N/A N/A -0.00153
(p = 0.197)

-0.00155
(p = 0.205)

-0.00233
(p = 0.075)

-0.00171
(p = 0.158)

H3: N/A N/A N/A N/A 0.00002
(p = 0.031)

0.00002
(p = 0.103)

Notes: In columns (5)-(6) H1 is tested by computing (γ′
1 + γ′

3dit > 0) with dit at mean. In columns (5)-(6) H2 is tested

by computing (γ′
2 + γ′

3mit < 0) with mit at mean.

Figure 1: (γ1
′ + γ3

′dit) at different levels of dit

The figure shows that prior investments will increase the effect of spillovers on output for most of the

mass of data in our sample and will have statistically significant effects for values of dit at or greater

than the median.

We next examine the moderating effect of the characteristics of knowledge. Hypothesis 2, which

states that the effects of inward knowledge flows on productivity will be smaller when those knowledge

flows are more difficult to learn, such as when external knowledge is novel, is supported at p < 0.1 level

in column 5 of Table 4. As was the case in our earlier discussion of Hypothesis 1, columns 3 and 4 of

Table 4 show that the point estimates of the test statistic of Hypothesis 2 in these models are similar to

those of our baseline (fully specified, column 5) model, but with slightly lower economic and statistical

significance.

We further illustrate the value of the statistic (γ′
2 + γ′

3mit) at different levels of mit, together with

its 90% confidence interval, in Figure 2. These results highlight the critical interdependence between dit

and mit. While the point estimate of the hypothesis test of the marginal effects of dit were supported

at only at the p¡0.1 when evaluated at mean values of mit, dit will have a statistically significant and

negative impact on the value of spillovers when mit is at or below the sample median. For example,
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Figure 2: (γ2
′ + γ3

′mit) at different levels of mit

when mit is at the 25th percentile, the value of the statistic (γ′
2 + γ′

3mit) is -0.00316 (p < 0.05). When

prior investments are sufficiently high, however, increases in dit do not impede spillover benefits.

Lastly, we assess the interaction effect of prior investments in enterprise software and difficulty of

learning on the returns of knowledge inflows. The test of Hypothesis 3 can be performed directly by

examining γ′
3 > 0 in regression equation (6). We observe a positive and significant coefficient estimate

of the three-way interaction sit*mit*dit at p < 0.05 level, supporting Hypothesis 3. That is, prior IT

investments play a greater role when external knowledge is difficult to learn.

Consistent with the theory of absorptive capacity, we observe that prior related investment in

enterprise software serves dual purposes: beyond its direct contribution to productivity, it also

contributes to productivity indirectly by enhancing a firm’s IT-related absorptive capacity, thereby

allowing the firm to identify and exploit external knowledge. To quantify the economic implications of

absorptive capacity for the value of knowledge inflows, we compute the output elasticities of knowledge

flows for an average firm in the sample. Because our measure of difficulty of learning (dit) is only

defined for firms for which Sit > 0, we compute the effects of knowledge flows evaluated based upon

the mean values of mit and dit conditional on Sit > 0. Evaluating the marginal effect at this point

and based on the regression results in column 5, we find that a 1 percent increase in the amount of

inward knowledge flows is associated with a 0.0042 percent increase in the added value produced by

the firm (p < 0.05) which translates to a $0.23 million increase in added value. Of course, the effects of

knowledge inflows will be even greater when mit (prior investments) is higher and/or dit (difficulty

of learning) is lower. For example, marginal effect calculations suggest that when mit is at the 3rd

quartile of the sample (and dit is at its mean value), the output elasticity of knowledge flows is 0.01437

(p < 0.01) and a one percent increase of knowledge flows leads to a $0.79 million increase in added

value. Alternatively, when dit is at the 1st quartile of the sample (and mit is at its mean value), the

output elasticity of knowledge flows is 0.01395 (p < 0.05) and a one percent increase of knowledge flows
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Figure 3: Contour plot, marginal effect of knowledge flows on output

leads to a $0.77 million increase in added value.

To illustrate the joint effect of prior investments and difficulty of learning on the returns of knowledge

flows visually, we present a two-way contour plot in Figure 3. As shown in the figure, the highest

return to spillovers accrues to firms that have made significant prior related investments and obtained

knowledge flows that are novel (the upper right-hand corner of the Figure that is shaded in red). In

contrast, firms that acquired novel knowledge flows without making prior related investments received

the lowest returns (the lower right-hand corner that is shaded in blue). Indeed, while the sign of the

first-order effect of spillovers is generally positive, the effect can become negative for low values of prior

investments and high values of difficulty of learning. More importantly, it is evident from the figure

that variations in prior related investments lead to drastic changes in the return of spillovers when

knowledge is difficult to learn, but they result in only moderate changes in the return of spillovers when

knowledge is easy to learn. This can be seen by comparing the variations in colors on the right-hand

side and left-hand sides of the Figure.

We next discuss some additional aspects of the point estimates of other terms in our model. We

note that our estimate of the output elasticity of IT capital (cit, 0.018 in column 5) is comparable

to that in prior literature that uses similar data such as in Tambe and Hitt (0.027; 2014b, p.64) and

Tambe and Hitt (0.032; 2012, p.609). The differences may be explained by the different sample we use,

which consists exclusively of SAP enterprise software adopters.

We further note that the coefficient on our knowledge flows variable (sit) in columns 2–5 is not

statistically significant; however, it cannot be interpreted directly because of the presence of its

interactions with other variables in the model. Finally, it is worth noting that while the coefficient on

the variable mit is not statistically significant, this is likely because of two reasons. First, our measure

of prior related investments, similar to other work in the ACAP literature that is based on survey
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measures,17 has limited variation over time during our sample and therefore is difficult to separately

identify in a fixed effects model. Second, the time varying component of mit, based on the number of

IT employees, is highly correlated with the included measure of IT capital, cit (correlation coefficient of

0.54, p < 0.001), likely causing inflation in the estimate of its standard error.

5.2 Robustness

Our empirical approach of combining the model of ACAP with a production function framework results

in multiple testable implications, and we explore whether the evidence is consistent with the theory.

While it is possible that unobserved heterogeneity could influence our estimates, our exploration of

multiple testable implications circumscribes the way in which unobserved heterogeneity must influence

our results to support alternative explanations. For example, firms that ask questions related to newer

enterprise software modules may be systematically different in some ways. However, for these differences

to explain our results, their effects must also be weaker in the presence of prior investments. In that

way, our combination of the use of the production function approach, fixed effects panel data, and the

exploration of interactions between quasi-fixed (prior module investments) and time-varying (spillover)

factors of production makes our empirical approach similar to recent explorations of the effects of

complementarities between IT and other production inputs within the IS literature (Aral et al., 2012;

Tambe et al., 2012; Wu et al., 2020). Nevertheless, we further present a collage of evidence showing the

robustness of our results.

5.2.1 Selection Bias

So far, we have investigated the role of knowledge flows specific to SAP enterprise software on productivity.

Arguably, our results could be biased if firms are at the same time active in other knowledge forums

related to enterprise software, resulting in knowledge flows unobserved to us. For example, this may

happen if some firms in our sample have installed enterprise software from another major vendor—such

as Oracle—and were active in related forums over the sample period. To investigate the extent to

which this influences our findings, we collected data on investments in enterprise software from Oracle

made by firms in our sample using the Computer Intelligence database. Using this information, we

study whether the effect of SAP-related spillovers and the moderating effects of ACAP variables are

significantly different for firms that implemented both systems (SAP and Oracle). We find that our

parameter estimates and hypothesis tests are qualitatively similar when we add these controls (results

are available upon request).

It is also possible that our estimate of the effect of knowledge inflows is correlated with a selection

effect due to the firms’ endogenous choice of participation in the SCN. For example, if the only firms

that choose to seek human capital accumulation through the online forums are those that are more

capable of utilizing external knowledge, the positive effect of knowledge inflows on productivity in the

17For further discussion see Roberts et al. (2012).
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population may not be as large as we estimate. To address this selection concern, in column 6 of Table

3 and 4 we present a sub-sample analysis in which we use only the firms that eventually received some

positive knowledge inflows—that is, the firms that employed the SCN as a mechanism of acquiring

human capital—as the sample. This results in a reduced sample with 275 firm-year observations and

58 firms. We note that the coefficient estimates of the terms related to knowledge flows are very similar

to those from the full sample (although the significance levels of Hypotheses 2 and 3 drop due to the

smaller sample size), alleviating concerns about the implications of such a selection effect.

Finally, we note that to the extent that selection bias is driven by firm characteristics that do not

vary substantially over a relatively short period of time, the employed fixed-effects model will reduce

selection bias by eliminating all between-firm variation, producing estimates of ACAP variables and

interactions that difference out average effects within firms over time.

5.2.2 Alternative measures

We experiment with alternative measures for some of our key variables (with results reported in Tables

5 and 6). Our baseline measure of mit is based upon the number of SAP modules weighted by the

number of IT employees within the firm. Because Table 1 shows that there is cross-firm variance in

firm size in our sample, we evaluate two alternative measures of mit that will be less directly influenced

by firm size. First, we test a model that uses a binary measure of mit (defined using its sample mean)

and present the results in column 1 of Table 4. Second, as discussed earlier in section 4.2.2, we use

an alternative measure of prior related investments—a binary indicator that is set to 1 if the firm’s

cumulative contribution to SCN prior to year t is greater than the sample mean. In column 2 of Table

5, we present results using this variable. This measure varies to a greater extent within firm and over

time when compared to our baseline measure and that of column 1 of Table 5. It is also less correlated

with cit (correlation coefficient 0.04, p=0.18) in our sample, and so shows a positive and significant

coefficient of ϕ (the coefficient on mit). We present the formal hypothesis tests in Table 6, which shows

that both of these measures demonstrate patterns consistent with the absorptive capacity model.

We then present results using a different measure of the difficulty of learning, based on the percentage

of knowledge flows obtained from SCN forums that are related to business functions. The direction

and significance of the results are similar to those in our baseline regressions, although the support

for Hypothesis 2 and Hypothesis 3 is slightly short of significance at conventional levels. Overall, our

empirical tests of the full model lend support to our hypotheses.

In the online appendix, we further examine the robustness of our findings to the mismeasurement of

our spillover/knowledge flow variable (presented in Table A3) and show that the findings are robust to

different ways of measuring the spillover variable.

5.2.3 Instrumental Variables Regression

As discussed earlier, the amount of knowledge inflows was based upon 1) the number of questions

asked, and 2) the likelihood of having a question answered. By including the number of questions
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Table 5: Alternative Measures
(1) (2) (3)

Variables Binary measure of
high mit based on
enterprise software
investments

mit= High human
capital based on forum
contributions

dit= Log(percentage
of business knowledge
inflows)

kit 0.11199** 0.10528** 0.11336**
(0.04397) (0.04352) (0.04442)

cit 0.01110** 0.00999* 0.01865**
(0.00552) (0.00591) (0.00736)

lit 0.72815*** 0.73125*** 0.72790***
(0.05890) (0.05490) (0.05899)

mit -0.01731 0.06904** -0.00066
(0.02374) (0.02876) (0.00070)

sit -0.01479* -0.00170 0.00073
(0.00784) (0.00740) (0.00889)

sit* mit 0.03514*** 0.01791** 0.00010*
(0.00814) (0.00881) (0.00005)

sit* dit -0.00516*** -0.00371** -0.00403
(0.00163) (0.00157) (0.00259)

sit* dit * mit 0.00520** 0.00456** 0.00002
(0.00204) (0.00218) (0.00002)

Log(registered users) -0.01287 -0.01349 -0.01361
(0.01578) (0.01536) (0.01605)

Log(questions) -0.01355 -0.01950 -0.01192
(0.02046) (0.02047) (0.02066)

Log(learning by reading) 0.00116 0.00150 0.00100
(0.00414) (0.00413) (0.00416)

Constant 1.65505*** 1.68490*** 1.66617***
(0.45959) (0.44101) (0.45918)

Year fixed effects Yes Yes Yes
Observations 1,240 1,240 1,240
R-squared 0.57951 0.58277 0.57845
Number of firms 275 275 275

Notes: Unless otherwise noted, kit = log(non-IT capital), cit = Log(IT capital), lit = Log(non-IT labor), mit =

Log(prior related investment), sit = Log(knowledge flows), dit = Log(difficulty of learning). The dependent variable is

the natural logarithm of value added. All models use firm-level fixed effects and year dummies. Robust standard errors

(clustered by firm) are in parentheses. All R-square values are “within” estimates that do not include the explanatory

power of the fixed effects. *** p < 0.01, ** p < 0.05, * p < 0.1.

Table 6: Hypotheses Testing

Hypothesis (1) (2) (3)

H1: (γ′
1 + γ′

3dit0) with dit at mean 0.03450
(p = 0.000)

0.01679
(p = 0.008)

0.00009
(p = 0.051)

H2: (γ′
2 + γ′

3mit0) with mit at mean
-0.00294
(p = 0.007)

-0.00337
(p = 0.021)

-0.00247
(p = 0.171)

H3: γ′
3 > 0

0.00520
(p = 0.011)

0.00456
(p = 0.037)

0.00002
(p = 0.211)

Note: p-values are based on 2-tail tests of the null hypothesis that the linear combination of the parameters is zero

against the null that is different than zero.
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in our regressions we control for omitted factors that could be correlated with both the propensity

to ask questions and productivity. However, it remains possible that our estimates of knowledge

inflows are biased due to omitted factors that influence the likelihood of responses and are correlated

with productivity. For example, workers with greater IT skills may have a better reputation in the

community and may be better able to articulate their questions, leading to a higher likelihood that

their questions will be answered.

We construct two instrumental variables for knowledge flows to address the latter concern. The

first instrument (IV 1) uses characteristics of the forums in which the firm participates. Some forums

will have a systematically higher or lower probability of answering a given question. For each question

asked by the focal firm, we compute the predicted amount of knowledge inflows based on regressions

in which the predictors capture forum-wide characteristics. These characteristics include forum fixed

effects and year fixed effects, and also include for each focal forum-year the number of questions posted,

the number of users, the average number of replies per question, the average number of views, and the

average solution rate. All these forum-year variables exclude the focal question. We then sum these

predicted values across all the questions asked by the firm in the year and use this as an instrument for

knowledge inflows.

The second instrumental variable (IV 2) takes advantage of exogenous events that drew greater

attention to questions raised in some forum-years than those in others. Every year SAP hosts its

largest global business technology event—a conference called Sapphire Now—for its users and partners,

offering three full days of networking, strategy, discussions, and education on the latest breakthrough

solutions from SAP. In addition to Sapphire Now, SAP also hosts an annual technology education event,

SAP TechEd, which offers technical lectures, hands-on workshops, networking opportunities and SAP

executive keynotes covering topics related to the latest developments in SAP products and services. For

these two annual events, we collected information related to the most important technical topics (e.g.,

some key topics in recent years include in-memory computing, big data and real-time analytics, and

cloud management) from the conferences’ archival websites. We compiled the conference theme topics

from product roadmaps, announcements, keynote speeches, lectures and workshops at the conferences.

We then map these topics at the conferences to the topic forums on SCN.

The instrumental variable is constructed by counting the number of questions raised by the focal

firm-year in forums associated with key conference themes in the same year. Questions raised in topic

forums that are associated with the key themes at the conferences are more likely to be answered

due to the exogenous shift in attention from the community. This could happen via a number of

mechanisms: for example, to accelerate the adoption of product or service offerings it promotes at

the conferences, SAP may systematically allocate more resources to the technical support of these

technologies, some of which would manifest in SCN forums. In addition, conference attendees may

socialize with employees from other firms at networking events and workshops, and therefore strengthen

their personal bonds, increasing the likelihood that the questions they raise on conference-related SCN

forums will get answered.
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Because our regression specification in equation (6) involves interaction terms in which knowledge

flows is a component, we need to instrument for these interactions as well since they may also be

endogenous. Therefore, in addition to the two instrumental variables IV 1 and IV 2, we further add the

interactions between the two IVs and variables associated with absorptive capacity. In other words, in

the IV regression we have four endogenous variables: sit, mitsit, ditsit, and mitditsit, and we use eight

instrumental variables for them: IV 1it,mitIV 1it,ditIV 1it, mitditIV 1it, IV 2it, mitIV 2it, ditIV 2it, and

mitditIV 2it.

We report the results of the 2SLS model, together with a summary of first-stage regressions in

column 1 of Table 7. For all four endogenous variables, the Angrist-Pischke first stage F-tests of

exclusion restrictions reject the null, suggesting that the instruments are not weak. The Stock-Yogo

critical values further confirm the validity of the instruments (in all cases the Cragg-Donald Wald F

statistics are greater than the critical values, and they are also greater than the rule-of-thumb value

of 10).18 In addition, in the over-identification test, the Hansen J statistic has a value of 7.39, which

cannot reject the null that the set of instruments are valid.

We observe that in column 1 the coefficient estimates of mitsit, ditsit, and mitditsit as shown in

the second-stage IV regression are very similar and in the same direction as those obtained from our

baseline regression in column 5 of Table 3 (0.00013 vs. 0.00015, -0.00318 vs. -0.00404, and 0.00002

vs. 0.00002, respectively). This is confirmed by a Hausman test comparing the baseline model and

the IV regression, which cannot reject the null that the difference in the coefficient estimates is not

systematic (χ2(12) = 0.88, p > 0.10). We further present the formal hypothesis tests based on the

IV regression results in Table 8. Again, the values of the test statistics for Hypotheses 1-3 are very

similar in their magnitude to those based on our baseline regression in column 5 of Table 4 (0.00013

vs. 0.00014, -0.00126 vs. -0.00233, and 0.00002 vs. 0.00002 for Hypotheses 1, 2, and 3, respectively),

although the significance levels drop due to the inflation in the estimated values of standard errors,

which is not uncommon when instrumenting for multiple endogenous interaction terms. We extend

our baseline IV analysis in two ways. First, we re-estimate our baseline IV model when replacing the

continuous mit with its binary counterpart (with the uninstrumented model as in column 1 of Table

5). In this model the increase in the estimated values of the standard errors is not as severe, and all

three hypotheses are supported at the conventional significance levels (p < 0.01, p < 0.1, and p < 0.01,

respectively), as we show in column 2 of Table 8.

Second, we have conducted a system GMM (generalized method of moments) estimation that

incorporates the estimation approach attributed to Arellano and Bond (1991) and Blundell and Bond

(1998). Our approach follows the methodological suggestions provided by Roodman (2009), using the

xtabond2 GMM estimator in Stata. In particular, the dynamic panel estimator includes one lag of

the dependent variable, which, together with knowledge inflows and its interactions with the ACAP

terms (i.e., sit, mitsit, ditsit, and mitditsit), is treated as endogenous. We use deeper lags of the

dependent variable and lags of the endogenous variables as GMM-style instruments. In addition, we

18Stock-Yogo critical values are not reported due to space constraints; they are available from the authors upon request.
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Table 7: Instrumenting for Knowledge Inflows

(1) (2) (3)
Corresponding uninstrumented model Column 5 of table 3 Column 1 of table 5 Column 5 of table 3

Variables 2nd stage of 2SLS
2nd stage of 2SLS
Binary measure of
high mit

System GMM

kit 0.11365*** 0.11196*** -0.0493*
(0.03723) (0.03702) (0.0266)

cit 0.01914*** 0.01153** -0.0127
(0.00652) (0.00490) (0.0093)

lit 0.72839*** 0.72842*** -0.0747
(0.04992) (0.05011) (0.0539)

mit -0.00065 -0.01703 -0.0002
(0.00059) (0.02090) (0.0004)

sit 0.00445 -0.01050 -0.0450*
(0.01758) (0.01111) (0.0232)

sit*mit 0.00013 0.03618*** 0.0003**
(0.00009) (0.01126) (0.0002)

sit* dit -0.00318 -0.00496*** -0.0115**
(0.00326) (0.00182) (0.0047)

sit* dit* mit 0.00002 0.00667*** 0.0001**
(0.00002) (0.00253) (0.0000)

Log(registered users) -0.00972 -0.01104 0.0161
(0.01475) (0.01449) (0.0476)

Log(questions) -0.02299 -0.01567 0.0045
(0.02269) (0.02111) (0.0445)

Log(learning by reading) 0.00201 0.00124 -0.0039
(0.00397) (0.00386) (0.0121)

Lag of log(added value) 1.1433***
(0.0815)

Constant -0.0861
(0.0880)

Year fixed effects Yes Yes Yes
Observations 1,227 1,227 974
Number of firms 262 262 266
Cragg Donald Wald F-stat 39.294 45.682
Hansen J stat 4.991 (p .10) 4.781 (p .10)
R-squared 0.57786 0.57925
Autocorrelation test, order 1 z = -3.46 (p=0.001)
Autocorrelation test, order 2 z = -0.98 (p=0.329)

Notes: Unless otherwise noted, kit = log(non-IT capital), cit = Log(IT capital), lit = Log(non-IT labor), mit =

Log(prior related investment), sit = Log(knowledge flows), dit = Log(difficulty of learning). The dependent variable is

the natural logarithm of value added. All models use firm-level fixed effects and year dummies. Robust standard errors

(clustered by firm) are in parentheses. All R-square values are “within” estimates that do not include the explanatory

power of the fixed effects. 13 observations were dropped in the IV regressions (columns 1 and 2) due to singletons. ***

p < 0.01, ** p < 0.05, * p < 0.1.

Table 8: Hypotheses Testing

Hypothesis (1) (2) (3)

H1: (γ′
1 + γ′

3dit0) with dit at mean 0.00013
(p = 0.140)

0.03535
(p = 0.001)

0.00032
(p = 0.048)

H2: (γ′
2 + γ′

3mit0) with mit at mean
-0.00126
(p = 0.549)

-0.00212
(p = 0.092)

-0.00544
(p = 0.045)

H3: γ′
3 > 0

0.00002
(p = 0.163)

0.00667
(p = 0.008)

0.00007
(p = 0.041)

Note: p-values are based on 2-tail tests of the null hypothesis that the linear combination of the parameters is zero

against the null that is different than zero.
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include IV 1it,mitIV 1it,ditIV 1it, mitditIV 1it, IV 2it, mitIV 2it, ditIV 2it, and mitditIV 2it as standard,

IV-style instruments in the levels equation. We present the estimation results in column 3 of Table

7 and, in keeping with presentation of these models, present the autocorrelation tests of order 1 and

2. We note that these latter statistics are consistent with acceptable values in these GMM models –

rejecting the null of no autocorrelation of order 1 but finding no evidence of autocorrelation of order 2

(for example, see Roodman (2009) and Nagle (2019)). The results are qualitatively consistent with our

benchmark results, and the two-tailed tests provide strong statistical significance (p < 0.05 for all three

Hypotheses).

6 Conclusions

This paper shows that the productivity effects of knowledge flows related to the implementation and use

of enterprise software are critically moderated by a firm’s prior IT investments, the nature of external

IT knowledge flows, and their interaction. In this way, our findings extend implications of ACAP theory

from the R&D literature to a new setting. We also provide boundary conditions for when prior results

applying ACAP to business process innovation in the IS setting will not hold.

We adopt a novel measurement strategy that allows us to examine activity in an online discussion

forum, a channel increasingly used by firms to augment the human capital necessary to deploy IT

systems. By combining a novel data source with an established theoretical framework, we show that

the effect of external knowledge flows is stronger for firms with prior investments in enterprise software

and lower when external IT knowledge is difficult to learn, such as for knowledge originating from

relatively newer and emerging discussion forums. However, it is precisely in these environments that

prior investments in enterprise software have their most significant impact on facilitating the absorption

of knowledge and thus increasing a firm’s productivity.

We contribute to the existing literature on IT spillovers by fully applying the essence of the ACAP

theory to the context of enterprise software. We show that on the one hand, IT spillovers related to

enterprise software are not “free” and only firms with significant prior ERP investments can benefit

from them. On the other hand, failure to consider the dual effects of enterprise IT investments will

lead to underestimation of their true returns. While prior IS literature has recognized the importance

of a firm’s ACAP as a key capability moderating knowledge transfer and productivity, it has mainly

focused on the path-dependent component of ACAP—the stock of prior IT knowledge as a function

of prior IT investments (Roberts et al., 2012). We contribute to the IS literature by focusing on an

aspect of ACAP theory that has been neglected in the past—features of knowledge that affect the

difficulty of learning. Given the differences in the manner in which knowledge is absorbed between

the R&D and IS settings, it is unclear ex ante whether prior results from the R&D literature would

hold, and prior literature was unable to inform this gap in the literature because of the challenges in

measuring the nature of knowledge in the IS setting. Our measurement strategy on knowledge flows

allows us an unusual opportunity to measure the interrelated effects of knowledge spillovers, prior
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related investments, and the type of knowledge.

Our results have several managerial implications. First, firms that fail to account for the indirect

effects of their IT investments will likely underestimate their productivity implications. For example,

the shift away from on-premises computing to cloud computing creates broader implications for firms.

Historically, investments in applications software were accompanied by investments in how to deploy the

systems. That is, firms deploying enterprise software were required to make complementary investments

in business process innovation. As firms increasingly deploy service-based application software that

may require smaller investments to deploy, this may influence their ability to respond to new enterprise

IT-based opportunities in the future. This shares some similarities with earlier concerns about whether

“offshoring” software development would lead to a hollowing out of the labor force in the United States

(e.g., Levy & Murnane, 2005).

Further, the circumstances that we identify where prior investments are most valuable—for knowledge

related to new applications—are precisely those in which firms are most likely to seek external knowledge

because of a lack of codified best practices. That is, our results highlight how firms without prior

related knowledge are likely to struggle in deploying frontier applications.

Our results also inform understanding of how firms interact with and gain value from an increasingly

important source of knowledge, online communities. In particular, they provide insights on why firms

participate in online communities such as SCN. Some studies argue that workers contribute to open

source projects to develop their skills (e.g., Lakhani & von Hippel, 2003; Lakhani & Wolf, 2005), and

more recent work contends that firms provide incentives for workers to contribute to such projects to

accumulate the human capital there (Mehra et al., 2011). Consistent with the work of Nagle (2018),

our results suggest the existence of benefits of participation not only through inflows but also through

contributions, because making contributions results in the accumulation of related IT knowledge, which

in turn increases absorptive capacity.

Although our research contributes to the literature on IT spillovers, it is noteworthy that the process

by which spillovers are generated in our context differs significantly. In contrast to earlier work on IT

spillovers (e.g., Cheng & Nault, 2007, 2012; Tambe & Hitt, 2014a, 2014b) and the traditional R&D

literature on absorptive capacity (e.g., Cohen & Levinthal, 1989, 1990), knowledge flows in our setting

are not externalities arising from investments in product or business process innovation from firms in

the same industry, supply chain, or network. Instead, they arise from deliberate decisions by employees

of firms to ask and answer questions and, in that way, bear some similarity to the nature of knowledge

flows arising from the transactional relationship between an IT services provider and its clients (Chang

& Gurbaxani, 2012a, 2012b). Given that the nature of the knowledge transferred is likely already

customized to the firm’s needs to some degree, the continued importance of absorptive capacity is

striking.

Our research approach offers a new means of measuring the content of flows of knowledge between

firms. As noted elsewhere, these have been difficult to measure in the past. It is useful, however, to

characterize the differences between our approach and prior papers that have used the ACAP framework
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in the IS literature, explicating the advantages and disadvantages of each. Prior work has primarily

used surveys to measure constructs in the ACAP model (Roberts et al., 2012). For example, some

researchers have used surveys to measure ACAP as an asset (Ko et al., 2005; Xu & Ma, 2008) or as

a capability (Armstrong & Sambamurthy, 1999; Pavlou & El Sawy, 2006), emphasizing the role of

human capital of the firm in facilitating the absorption of external knowledge. One challenge faced by

many of these papers is that they are often costly to implement and suffer from non-response or recall

biases. In contrast, while we have unusually direct measures of knowledge flows and its characteristics,

we capture heterogeneity in the ability of firms to absorb new knowledge indirectly through prior

related investments (for another recent paper that uses this approach, see Trantopoulos et al. (2017)).

We further note that in contrast to prior work which seems to measure heterogeneity in knowledge

absorption in general, our approach focuses on knowledge flows and its absorption within a specific

online community related to the use of enterprise software. However, as we noted elsewhere, such forums

are becoming an increasingly important way of transferring knowledge across IT workers (Boudreau &

Lakhani, 2009; Howe, 2008).

Our work also contributes to prior research on the interrelationships between IT investment, business

process innovation, and productivity.19 The literature on business process innovation has been hampered

by a number of challenges, namely, the difficulty of measuring the inputs and outputs of the innovation

process. Although measurement of innovation is always problematic (Cohen, 2010; Mortensen & Bloch,

2005), measurement of business process innovation is particularly difficult because it leaves behind no

tangible “footprints” such as patents in the R&D literature. Our work provides further insights on the

role of external knowledge flows in augmenting internal human capital through a unique measurement

strategy that uses online behavior to capture inputs into business process innovation that could not

previously be measured directly. While we acknowledge that our measures may not capture all such

human capital accumulation, they are in the spirit of the literature on business process innovation that

uses proxies for hard-to-measure inputs and outputs and acknowledges that output elasticities may

capture variance related to some kinds of unmeasured activity (e.g., Anderson et al., 2003; Bresnahan

et al., 2002). In particular, we wait for and encourage further work that may find alternative strategies

of measuring the key inputs into the ACAP model.

Like any study seeking to measure the productivity implications of IT investments, business process

innovation, and human capital acquisition, our study has some limitations. One advantage of our

study over prior work is our ability to measure knowledge flows using archival data. However, as

noted elsewhere, our estimation strategy and robustness are shaped by the unique data-generating

process of knowledge acquisition in our setting, which involves endogenous choices to raise and answer

questions. Further, as in other studies, we must be cognizant of whether organizational investments

such as external knowledge acquisition are correlated with other unobserved variables. To address these

concerns, we examined the robustness of our results to a range of alternative strategies. Although our

19See, for example, Bartel et al. (2007), Bresnahan et al. (2002), Bresnahan and Greenstein (1996), Davenport (2000),
and Ichniowski and Shaw (2003).
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results are robust to these efforts, we leave it to future work to study the robustness of our results to

other contexts.

Our research highlights opportunities for new research. For example, one interesting possibility

is investigating, at a more disaggregated level, how related human capital investments influence the

benefits that accrue to individual workers from participation in related communities (Huang & Zhang,

2016). This could be accomplished by tying community activity to databases of worker skills, using

data from sites such as LinkedIn. We hope our research spurs additional work in these important areas.
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