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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 el-
ements of the absorptive capacity (ACAP) framework that have not previously been stud-
ied 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’ par-
ticipation 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 re-
cipient firm and the novelty of external knowledge. Less intuitively, when knowledge origi-
nates from relatively novel or emergent domains, the role of prior related knowledge in
absorbing spillovers becomes more important.
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1. Introduction
Whereas information technology (IT) systems are shown
to create significant value for the firms that adopt them,
the returns often appear with a delay (e.g., Brynjolfsson
and Hitt 2003) and may vary greatly across firms (Bres-
nahan et al. 2002, Aral andWeill 2007, Bloom et al. 2012).
Firms investing in new IT systems must often undertake
complementary innovation, sometimes termed coinven-
tion, to adapt general-purpose IT systems to the idiosyn-
cratic needs of organizations (Bresnahan and Greenstein
1996). Whereas, sometimes, these innovations are related
to technical adaptations to IT hardware and software
systems, they also frequently involve changes to organi-
zational elements, such as business processes (Bresnahan
et al. 2002, Bartel et al. 2007, 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 and Hitt 2014a), knowl-
edge transfer from third-party consultants who have
been contracted by the firm (e.g., Ko et al. 2005, Chang
and Gurbaxani 2012b), to knowledge exchange that is
mediated by communication with industry or supply
chain participants (Caselli and Coleman 2001, Chang
and Gurbaxani 2012a). The literature on IT spillovers
shows that the use of these means can have a signifi-
cant effect on firm productivity (Cheng and Nault
2007, Chang and Gurbaxani 2012a, Cheng and Nault
2012, Tambe 2014, Tambe and Hitt 2014a). However,
recent work calls for a deeper understanding of the
mechanisms through which they work (Ba and Nault
2017). In this paper, we aim to respond to this call and
deepen our understanding of when IT spillovers to a
firm are most beneficial by applying a well-known
framework from the R&D literature.

Specifically, an established R&D literature on knowl-
edge spillovers (Cohen and Levinthal 1989, 1990) shows
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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 and
Levinthal 1989, 1990). In the context of IS research, the
ACAP concept is conceptualized as the extent of prior
IT-related knowledge possessed by an organization (Rob-
erts 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 knowl-
edge barriers, thus facilitating IT adoption. For example,
within the context of the IT spillover literature, Chang
and Gurbaxani (2012a) find that firms that have greater
prior IT investments receive higher spillover benefits.

Despite the extensive use of theACAP concept in IS re-
search, 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 over-
looked a key exogenous driver of a firm’s ACAP as pro-
posed 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), in which prior related investments in IT
systems, characteristics of outside IT knowledge, and
their interaction influence the process of knowledge ac-
cumulation 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 ITworkers on an online discussion forum.

Online discussion forums play an increasingly im-
portant role in diffusing knowledge within the soft-
ware development community;3 for example, the dis-
cussion forum Stack Overflow has more than 100
million users,4 and a recent survey of that site shows
that more than 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 two million unique visitors each month.6 The SCN
enables us to track knowledge flows among its users
and characteristics of the exchanged knowledge dur-
ing 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 ab-
sorbed more readily when firms have made invest-
ments in prior related knowledge. This is consistent
with prior work that examines the implications of IT
knowledge flows on productivity (Chang and Gurbax-
ani 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 and Levinthal 1989,
1990). Finally, and less intuitively, in a more difficult
learning environment, the role of prior related knowl-
edge in building ACAP becomes more important
(Cohen and 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, we advance recent work trying to understand
the productivity benefits of external knowledge acqui-
sition or “IT spillovers” (e.g., Chang and Gurbaxani
2012a, b; Tambe and Hitt 2014a) by demonstrating the
conditions under which external knowledge acquisi-
tion leads to higher productivity. Recent work high-
lights heterogeneity in the value of IT knowledge
spillovers that are mediated by formal channels, such
as employment relationships (Tambe and Hitt 2014a,
Wu et al. 2017). These results are valuable; however,
this type of knowledge acquisition is expensive and
may not be appropriate for all circumstances.

In contrast, there is less progress in understanding
heterogeneity in the value of IT spillovers through infor-
mal channels. This may be due to data limitations; a
common approach in this literature is to study the im-
pact 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 and Chung 2007, Cheng and Nault
2007, Han et al. 2011, Cheng and Nault 2012). Whereas
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 hold in our setting. The motiva-
tions behind the R&D literature focus on why and
how prior R&D investments might help firms keep
abreast of related technological developments and fa-
cilitate the assimilation of technology developed else-
where (Tilton 1971, Cohen and Levinthal 1989). 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 a recipient that should facilitate transfer of
all types of knowledge (Szulanski 1996). As a result,
prior information systems (IS) research argues that
knowledge characteristics are less important than oth-
er antecedents to the transfer of knowledge in the con-
text 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, because of the inherent measurement
difficulties, efforts to measure this type of spillover rely
upon survey-basedmeasures (e.g., Bresnahan et al. 2002,
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Sambamurthy et al. 2003, Aral and Weill 2007), invest-
ments in related technologies (Greenstein and Nagle
2014, Nagle 2019), or more recently human capital data
obtained from résumés and social network profiles (e.g.,
Tambe andHitt 2014a). Similarly,most prior IS literature
measures ACAP directly using survey data (Roberts
et al. 2012). Challenges faced by many of these ap-
proaches is that they are often costly to implement, suf-
fer from recall biases, and are limited in their ability
to measure heterogeneity in knowledge flows. The re-
search approach presented in this work provides in-
sights 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 or-
ganizations emphasizes the view of IT as an enabler
of business process innovation. Business process inno-
vation requires a range of investments in computing
hardware and software as well as changes to process
flows, human capital, and other organizational practi-
ces (Bresnahan and Greenstein 1996). In the context of
enterprise software, for example, adopters of enter-
prise resource planning (ERP) systems must incorpo-
rate 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 and Hitt 2014a). This expertise can
be accumulated through a process of on-the-job skill ac-
quisition (Lieberman 1984, Benkard 2000, Thornton and
Thompson 2001) or facilitated by accessing external
knowledge sources. One channel through which knowl-
edge can be transferred between firms is the direct acqui-
sition 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 and 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 in-
formal interactions take place through many channels.
For example, the Americas’ SAP Users’ Group hosts
face-to-face meetings at which users can share experi-
ences of implementing SAP software and benchmark-
ing best practices. SAP also provides opportunities for
knowledge transfer and human capital development
via online channels. As described in greater detail as
follows, 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 developer conferences, open source
software development, and standards-setting process-
es, suggests that participation in such environments,
whether virtual or physical, can augment the human
capital of participants (Lakhani and von Hippel 2003,
Nagle 2018, Foerderer 2020). In the context of develop-
ing and implementing IT systems, this type of human
capital augmentation makes IT workers more produc-
tive when engaging in business process innovation,
which, in turn, has a positive impact on firm produc-
tivity (Tambe and Hitt 2014a). In line with this think-
ing, we investigate whether exposure to external
knowledge inputs through informal channels, such as
online knowledge communities, has an impact on
firm total factor productivity (TFP).

Firms may differ in their ability to assess the value of
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 in-
novation process (Cohen and 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 and Levinthal 1989). ACAP is
shown to be path-dependent and is a function of prior
knowledge accumulation (Cohen and Levinthal 1990). IS
researchers broadly leverage the ACAP concept in the
context of several streams of IS research, including re-
search on knowledge transfer, IT assimilation, and IT
business value (Roberts et al. 2012). Whereas many re-
searchers 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 is consideredmainly dependent on a
firm’s prior IT investments (Han et al. 2011, Chang and
Gurbaxani 2012a).

Extending this prior work, we first argue that IT in-
vestments 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 knowl-
edge, assimilate it, and apply it for productive use,
which contributes to the firm’s productivity indirectly
when opportunities to absorb external knowledge in-
puts arise. However, as is more fully articulated in the
following section, we push this view further by captur-
ing a neglected driver of ACAP in the existent IS litera-
ture: the nature of knowledge (Teece 1977, Kogut and
Zander 1992) and its interplaywith 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 produc-
tivity, we adopt a production function approach and ex-
tend it by incorporating the effect of the knowledge
stock related to enterprise systems as an input. A typical

Huang et al.: IT Knowledge Spillovers
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production function relates firm output to factors of
input. For example, a simple form of a three-factor
Cobb–Douglas production function iswidely used in pri-
or studies on IT productivity (Brynjolfsson andHitt 1996,
Dewan andMin 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 TFP, which is
defined as the output contribution that is not ex-
plained 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 �MitSitγit , (2)

where Mit represents a firm’s accumulated invest-
ments in enterprise systems, which includes invest-
ments in a combination of hardware, software, and
human capital, such as training. The variable Sit repre-
sents flows of external knowledge available in the
public domain that can be accessed through various
channels as discussed.7 The variable γit measures the
extent to which the focal firm is able to recognize the
value of external information, assimilate it, and effec-
tively utilize it in a business setting. It, therefore, rep-
resents 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 diffi-
culty of learning), Dit; and their interaction. The inter-
action term reflects the idea that the importance of
prior IT investments to knowledge assimilation depend
upon the difficulty of learning, a key feature of the mod-
el in C&L.8 We emphasize here that, whereas the de-
pendence of γit on Mit is previously examined in the
IS literature, the role of Dit and its interplay with Mit,
to be explained as follows, are mostly ignored.

Integrating (2) and (3) into (1) and assuming the out-
put elasticity ofZit isφ, we canwrite a firm’s output as

Yit � Kα
itL

β
itC

η
itMit

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

or in log form,

yit � a+ αkit + βlit + ηcit +φmit + γ0
′sit + γ1

′mitsit

+ γ2
′ditsit + γ3

′mitditsit, (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 (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 experience greater
benefits when they have already made inroads
through internal knowledge accumulation (Cohen
and Levinthal 1989, Ko et al. 2005). The impact of pri-
or knowledge in facilitating the absorption and adap-
tation 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 and Levinthal 1990). As pointed out
above, this idea is consistent with a substantial body
of work in IS (Roberts et al. 2012, Gao et al. 2017). We
investigate the salience of this hypothesis by examin-
ing the extent to which IT expertise accumulated with-
in an organization through prior investments in enter-
prise 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 en-
terprise systems. That is, in Equation (3), ∂γit=∂mit �
γ1+ γ3dit > 0. Because φ > 0 in (5), the positive depen-
dence of ACAP on mit implies that the effect of spill-
overs on output is positively moderated by mit, or
∂2yit=(∂sit∂mit) � γ1

′ +γ3
′dit > 0. We, therefore, formu-

late the following hypothesis:

Hypothesis 1. The effect of IT spillovers related to enter-
prise 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 of-
ten depend upon the nature of knowledge (Teece
1977). C&L highlight that the value of external knowl-
edge to a firm is greater when that knowledge is easier
to assimilate and exploit. Whereas the idea is intuitive,
specifying ex ante the features of external knowledge
that affect learning in different contexts is more diffi-
cult and often less intuitive. C&L maintain that the as-
similation of R&D knowledge depends on such fac-
tors as the complexity of the knowledge, how explicit
and codified the relevant knowledge is, and the de-
gree to which that outside knowledge is targeted to
the needs of the firm (Cohen and 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

Huang et al.: IT Knowledge Spillovers
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knowledge on enterprise systems to a firm’s specific
needs. 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 signifi-
cant knowledge barriers that firms must overcome to
adopt and implement information systems such as en-
terprise software (Attewell 1992, McAfee 2002). The
complexity of enterprise systems software and its
high costs of deployment are well established (e.g.,
Davenport 2000) as is 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 sam-
ple: 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 and Lev-
inthal 1989, von Hippel 1994), and there may be causal
ambiguity regarding why and when it provides a so-
lution to problems (Szulanski 1996). Within the con-
text of enterprise software, knowledge barriers to the
implementation of enterprise software may arise both
because of 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 prod-
ucts may incorporate novel knowledge domains or re-
cent technological breakthroughs. 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 ex-
tent of required coinvention may be greater and more
context-dependent because standardized solutions
have yet to be deployed and refined (Bresnahan and
Greenstein 1996). Evidence of these differences is found
in other settings as well; for example, von Hippel and
Tyre (1995) show that avoidance of problems when us-
ing a new process machine may require a great deal of
information about the setting in which it is to be
applied.

Because of the significant knowledge barriers in-
volved, we expect that, all else being equal, a firm’s
ACAP is lower when external knowledge is related to
new or less mature technological domains. That is, in
Equation (3), ∂γit=∂dit � γ2 + γ3mit < 0. Because φ > 0
in (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) � γ2

′ + γ3
′mit < 0.

We, therefore, formulate the following hypothesis:

Hypothesis 2. The effect of IT spillovers on a firm’s out-
put is negatively moderated by features of external knowl-
edge that make it more difficult to learn, such as its novelty.

It should be noted that, whereas novel knowledge is
more difficult to absorb, once absorbed, it can also have
a greater effect on productivity. For example, during
our sample period, knowledge of how to implement
business intelligence and analytics software packages
was more difficult to absorb because best practices had
yet to be established and knowledge related to systems
were unevenly distributed (Tambe 2014). However, ac-
quisition of knowledge on how to use these systems
was also likely to have a greater impact on productivity
than that related to how to implement ERP packages,
products that had already seen widespread adoption
and for which best practices were widely established.
As clarified in further detail subsequently, the net effect
of these opposing forces depends upon prior invest-
ments in enterprise software.

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 in-
terdependencies. In particular, the role of prior IT in-
vestments in the process of knowledge assimilation
depends upon the nature of knowledge the firm is
seeking to acquire. A related point has been demon-
strated in the R&D literature (Cohen and Levinthal
1989), which shows that related internal R&D be-
comes more important in the acquisition of external
knowledge when that external knowledge is more
complex and less targeted at the needs of the firm. Un-
der these circumstances, the firm’s prior related in-
vestment becomes vital to the assimilation and use of
external knowledge.

As discussed, some characteristics make external
knowledge more difficult to learn, which, in turn,
might influence the extent to which prior related IT in-
vestments contribute to a firm’s absorptive capacity.
We expect that 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 receive
greater benefits (i.e., higher productivity) from exter-
nal knowledge flows related to novel knowledge—
knowledge that is difficult to be transferred and ab-
sorbed. 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
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actions related to processes, decision rights, and orga-
nization. In other words, firms with prior related in-
vestments on how to implement enterprise software
are able to derive value from inflows from this type of
knowledge—in this setting, firms are able to put in-
sights learned into productive use. However, prior IT
investments and associated cumulated IT human capi-
tal have less influence on the value obtained from
flows of less novel and well-codified knowledge be-
cause transferring such knowledge requires little ad-
aptation and customization.

To summarize, we expect prior investments in en-
terprise systems to be more important to the firms’
ability to exploit external knowledge when the exter-
nal knowledge is novel. Referencing Equation (3), we
expect that ∂2γit=(∂mit∂dit) � γ3 > 0. Because φ > 0 in
(5), the positive interaction between mit and dit on
ACAP implies that ∂3yit=(∂sit∂mit∂dit) � γ3

′ > 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 re-
lationship between IT spillovers and a firm’s output are
stronger.

3. Research Context
Our research questions require a robust measure of in-
terfirm knowledge flows related to the use of IT with
observable knowledge characteristics. We use the on-
line community network created by SAP as the con-
text of our study.

We choose enterprise software as the background
for measuring IT knowledge flows for several reasons.
First, investment in enterprise software and its imple-
mentation 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). In addition, adoption of
enterprise software is shown to be associated with
significant improvements in firm financial and opera-
tional performance (Hitt et al. 2002). However, imple-
menting 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). Finally, knowledge of how to imple-
ment enterprise software systems is unevenly distrib-
uted among users (Yusuf et al. 2004) and, because of
the heterogeneous environments in which systems are
implemented, not easily contracted out. Internal hu-
man capital accumulation occurs as users learn how
to deploy software functionality in their organizations

through a series of projects (Walker 2012). Thus, our
environment offers a useful test case for understand-
ing the interrelationships between the internal stock
of IT knowledge and efforts to develop human capital
through external interactions facilitating the accumu-
lation 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 fur-
ther over time to incorporate other communities that
interface with SAP’s products. Given this increase in
breadth, the SDN is now known as SCN. It hosts
forums, expert blogs, a technical library, article down-
loads, 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 con-
tributing 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 pub-
licly recognizes its most active contributors. For exam-
ple, 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 the user’s employer. Using this piece of infor-
mation, 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 fo-
cus on user interactions through the most frequently
used communication format: discussion forums. Al-
though SCN users may access knowledge through
other formats, such as wikis, blogs, and articles, these
other formats have fewer active participants than dis-
cussion forums, and knowledge flows arising from
the use of these other channels are unfortunately 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, de-
ployment, and use of SAP software (Fahey et al. 2007).
The forums are organized according to domains of
knowledge or expertise, each of which usually corre-
sponds to a technical domain (e.g., database or operat-
ing system), a particular SAP software module, or the
application of SAP to a particular industry.
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Conversations in each forum are organized by dis-
cussion threads. Each thread is initiated by a knowl-
edge seeker, who posts a specific question in a topic
forum. Knowledge contributors, in turn, post re-
sponses that attempt to answer the question. A discus-
sion 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 data set includes about 1.1 million
discussion threads with 5.0 million messages posted
in 209 topic forums. In Appendix Table A.1, we pre-
sent 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 aver-
age 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 + γ0
′sit + γ1

′mitsit

+ γ2
′ditsit + γ3

′mitditsit + 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
γ′
3 > 0.

4.2. Data
We construct a data set 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 de-
tailed list of all installations of SAP product 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 is widely
used by prior studies to investigate issues related to IT
productivity (e.g., Brynjolfsson and Hitt 2003, Dewan
et al. 2007, Chwelos et al. 2010). The CI data were
matched with Standard and Poor’s Compustat data-
base 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 in-
vestment 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 repre-
sents the complete set of firms for whom our hypothe-
ses are relevant. Our interest is on how the effect of
knowledge flows related to SAP software on produc-
tivity is affected by the difficulty of knowledge (dit)
and prior related investments (mit), and these key var-
iables in our regression model such as dit and mit are
not defined for firms without knowledge flows related
to SAP or investments made in SAP software. The fi-
nal sample is an unbalanced panel of 275 firms with
1,240 observations over a five-year period.

4.2.2. Variables. In this section we describe the varia-
bles used in our analysis. We first describe the variables
that measure productivity, labor, and IT and non-IT
capital, followed by the variables measuring knowl-
edge flows and those related to absorptive capacity.

4.2.2.1. 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 serv-
ers, networking, software, storage, and managed serv-
ices. 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 capi-
tal stock using an estimate of the market value of the
IT hardware systems plus three times the current
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year’s IT labor 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 (Bryn-
jolfsson and Hitt 1995). Details of the computation of
this variable are presented in Appendix 1.

Production output: We follow prior literature (Dewan
and Min 1997, Brynjolfsson and Hitt 2003) and use
added value as the measure of production output,
which equals deflated sales less deflated materials.
Compared with sales, added value is said to be less
noisy and more comparable across industry sectors
(Dewan and Min 1997). Annual sales numbers are re-
trieved from Compustat, and we deflate them using
industry-specific (at the two-digit North American In-
dustry Classification System (NAICS) sector) price de-
flators from the Bureau of Economic Analysis’ 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 Bureau of Labor Statistics
(BLS) Producer Price Index 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 or-
dinary 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 or-
der to apply the deflators, the average age of capital
stock is calculated as the ratio of total accumulated de-
preciation (Compustat data item DPACT) to current
depreciation. 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 and
Hitt 2003), total labor expense is either obtained di-
rectly 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 la-
bor cost per employee is obtained from national sector
NAICS industry-specific estimates series of BLS occu-
pational employment and wage statistics (OES). To ac-
count 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 be-
tween deflated total labor expense and IT labor
expense.

4.2.2.2. Variables Measuring Knowledge Flows and
Absorptive Capacity. We measure flows of IT-related
knowledge acquired externally, Sit, from forum con-
versations that took place on the SCN. For each ques-
tion that is posted, the rules of the SAP reward
program specify that the knowledge seeker can use
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 one answer can be evaluated as correct), 6 points
for very helpful answers (at most two 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 re-
sponses. As noted, 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 ex-
amining their employer affiliations and domains of
their email addresses.

For each user a who is an employee of firm i, we re-
trieve 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 a gave to the knowledge
contributors are used as a proxy for inward IT spill-
overs 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 knowl-
edge flows, that is, 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 because of missing data on
the knowledge seekers who did not report their em-
ployers.12 However, we observe no systematic differ-
ences 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
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seekers, and the difference is not statistically significant
(p � 0.35). If firms strategically promote employee ac-
tivity in SCN and other communities (Mehra et al.
2011), then Sit may serve as a proxy for the broader re-
ceptivity of the firm to external inflows. We consider
this possibility further in Section 5.2.

Our primary measure of difficulty of learning, Dit,
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 underly-
ing technology used in the product. For example,
during our sample period, SAP switched from its tra-
ditional 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 technolo-
gies (Lakhani et al. 2014). Another source may arise
from the introduction of entirely new products, such
as, the introduction of new products and services
around Business Objects after SAP’s acquisition of
that company. New forums are introduced as a result
of these developments. For example, after SAP’s ac-
quisition of Business Objects, it merged the Business
Objects Diamond community into SCN13 and intro-
duced several new forums, such as SAP BusinessOb-
jects Enterprise/Edge and SAP Crystal Reports Server
Administration. Following the launch of the NetWeaver-
based platform, a total of 18 new forums related to Net-
Weaver 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 vari-
able, Dit, is defined as (1 + knowledge flows from new
forums)/(1+ total knowledge flows), where one is
added to both the numerator and denominator to avoid
taking the log of zero 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 exam-
ple, the number of replies posted within three days is
equal to 2.660 for new forums compared with 3.777 for
existing forums (p < 0.001), whereas the likelihood of re-
ceiving 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% for existing forums (p < 0.001). Where-
as we are unable to discern whether these differences are
due to something inherent about the nature of knowl-
edge 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 ad-
dress the firm’s needs.

We explore the robustness of our analysis to another
measure that captures the degree to which knowledge is

difficult to assimilate and exploit. Prior research empha-
sizes two distinct dimensions of IT knowledge that are
particularly relevant in the process of adopting an infor-
mation system: technical knowledge and business func-
tional 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 and Milgrom 2012). We distinguish be-
tween 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 tech-
nologies of an enterprise system, such as programming
languages, database technologies, data transfer issues,
and reporting and formatting tools. In contrast, we de-
fine 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, co-
ordination of supply chains, consolidating procurement
processes, or managing projects.14 Our alternative mea-
sure for Dit is, therefore, defined as the share of the in-
flows related to business functional knowledge.

Unlike our variables Sit and Dit for which we have
direct measures of knowledge flows and their charac-
teristics, we do not directly observe prior investments
in enterprise systems,Mit. As is well known, measures
of direct (e.g., software license fees) and indirect (e.g.,
human capital investments) spending related to enter-
prise systems generally cannot be observed except
through survey measures, such as those employed by
Brynjolfsson et al. (2005). In the 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 impor-
tant 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 en-
terprise 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 as-
sume 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. Specifi-
cally, we compute the cumulative contributions to SCN

Huang et al.: IT Knowledge Spillovers
916 Information Systems Research, 2022, vol. 33, no. 3, pp. 908–934, © 2022 The Author(s)

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

13
0.

20
7.

62
.1

25
] 

on
 1

4 
N

ov
em

be
r 

20
22

, a
t 1

2:
54

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



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 one if the
cumulative contribution made by a firm’s employees
is greater than the sample mean in year t. These types
of contributions to crowdsourced communities are
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) vari-
able. 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.

4.2.2.3. Control Variables. We also include a number
of variables that control for firm activities on the SCN fo-
rum other than knowledge flows, such as the cumula-
tive number of registered users who are the focal firm’s
employees in the SCN, and the total number of ques-
tions raised by a firm’s employees. Although 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 par-
ticular, 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. How-
ever, knowledge seekers may also obtain knowledge
spillovers without explicitly asking questions, espe-
cially when similar problems have already been
solved by community members—for example, they
can perform a keyword search on SCN forums and
find existing solutions to their problems instead of ini-
tiating a new Q&A discussion thread. To address 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=(∑juijt)), where
uijt is the number of firm i’s employees who were active

in forum j and year t (a user is active if the user partici-
pated in at least one discussion in forum j and year t),
and w′

ijt � (qijt=(∑jqijt)), 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
∑

jPjt × 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 bil-
lion, 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 Table A.2, we provide a breakdown of the
sample firms by vertical industries, which is based on
two-digit NACIS sectors. It is notable that manufactur-
ing firms account for the majority (66%) of the sample,
followed by utilities (8%).

5. Results
5.1. Test of the Absorptive Capacity Model

and Hypotheses
We present our main results in Table 3; all models in-
clude firm and year fixed effects. We note that, in
Equation (6), the term dit does not directly influence
productivity, that is, its effect on productivity operates
only through the influence of external knowledge
flows, sit. As noted, 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 Equa-
tion (6), that is, in the interaction terms of ditsit and
mitditsit.

Before we show the result from the full ACAP mod-
el in column (5), column (1) presents a model in which
we assume that firms have a homogeneous absorptive
capacity, that is, γit is a constant independent of mit
and dit. Because it is omitting key terms that influence
the relationship between spillovers and productivity,
it is subject to a specification error. However, we in-
clude it to construct a basis against which we can com-
pare our primary results. The results from this model
show a positive effect of knowledge flows, implying
that a 1% increase in the amount of inward knowl-
edge flows is associated with 0.01435% 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 in-
crease in production output. To put it another way,
for the average firm in our sample, doubling the
amount of external knowledge obtained from SCN

Huang et al.: IT Knowledge Spillovers
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(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 mil-
lion increase.

In the remaining columns, we explore the implica-
tions of incorporating the elements of ACAP. In keep-
ing with recent work that has sought to understand
how interdependencies between organizational char-
acteristics, IT, and the external orientation of a firm
can contribute to productivity (e.g., Aral et al. 2012,
Tambe et al. 2012, Nagle 2018) 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 Equa-
tion (6). These results are included in columns (2)–(4),
in which we incrementally include first the terms
mit × sit, dit × sit, and then both terms together (but ex-
cluding the term mit × dit × sit): In such models, when
ignoring the higher order interaction terms, the

impact of changes of the lower order terms are typi-
cally close to their marginal effects when evaluated at
the mean value of the omitted covariates (Balli and
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 co-
efficients (Aiken et al. 1991). Further, they do not al-
low 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 inter-
dependencies, in column (5) of Table 3. In this model,
a test of our hypotheses requires us to compute the lin-
ear 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

Table 1. Summary Statistics

Variable Mean Standard deviation Minimum Maximum

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
Number of employees, thousands 41.17 59.59 0.66 428
Knowledge inflows, reward points 10.71 93.82 0 2,190
Difficulty of learning, % knowledge related to businessa 0.43 0.40 0.00 1
Difficulty of learning, % knowledge from new forumsa 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.
aSummary statistics for difficulty are based on observations with nonzero knowledge flows.

Table 2. Pearson Correlation Matrix of the Variables

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13

1 Annual sales 1.0000
2 Added value 0.8612* 1.0000
3 Non-IT capital 0.8313* 0.7690* 1.0000
4 IT capital 0.3398* 0.4847* 0.3327* 1.0000
5 Non-IT labor 0.5479* 0.8101* 0.3659* 0.5767* 1.0000
6 Number of employees 0.5236* 0.7570* 0.3716* 0.5557* 0.9335* 1.0000
7 Knowledge flows 0.0166 0.0443 −0.0014 −0.0023 0.0593* 0.0349 1.0000
8 Difficulty–new forums −0.0867*−0.1509*−0.0387 −0.0457 −0.1664*−0.1066*−0.4058* 1.0000
9 Difficulty–business −0.1048*−0.1612*−0.0415−0.0610*−0.1799*−0.1241*−0.3749* 0.8042* 1.0000
10 Prior investments in ES 0.0545 0.0262 0.0488 0.0005 0.0208 0.0152 0.2277* −0.0483 −0.0668 1.0000
11 High human capital 0.1052* 0.1454* 0.0121 0.0164 0.1479* 0.1076* 0.1235* −0.3367*−0.2799* 0.1561* 1.0000
12 Users 0.2143* 0.3408* 0.1140* 0.1380* 0.3918* 0.3023* 0.1858* −0.4509*−0.2764* 0.3614* 0.4385* 1.0000
13 Questions 0.1090* 0.2071* 0.0323 0.0596* 0.2626* 0.1868* 0.8117* −0.6436*−0.4651* 0.2373* 0.3570* 0.6123* 1.0000
14 Learning by reading 0.0193 0.0470 −0.0029 −0.0003 0.0679* 0.0419 0.9185* −0.4008*−0.2640* 0.0820* 0.1383* 0.2623* 0.7974*

*p < 0.05.
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output, holding difficulty of learning (dit) at mean
values. Thus, it is a test of the statistic that
(γ′

1 + γ3
′dit) > 0.16 Unless specified otherwise, we fo-

cus our discussion on the baseline estimates of col-
umn (5) of Table 4. The test in column (5) shows that
Hypothesis 1 is supported at the 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 with
0.00007 in columns (2) and (4)) though the magnitude
and significance levels are slightly higher, perhaps be-
cause the fully specified model incorporates the im-
pact of the (nonzero) higher order terms.

We further illustrate the moderating effect of prior
investments on spillovers by plotting the value of the
statistic (γ′

1 + γ3
′dit) at different levels of dit, together

with its 90% confidence interval, in Figure 1. The fig-
ure shows that prior investments increase the effect of

spillovers on output for most of the mass of data in
our sample and have statistically significant effects for
values of dit at or greater than the median.

We next examine the moderating effect of the char-
acteristics of knowledge. Hypothesis 2, which states
that the effects of inward knowledge flows on produc-
tivity are smaller when those knowledge flows are
more difficult to learn, such as when external knowl-
edge is novel, is supported at the p < 0.1 level in col-
umn (5) of Table 4. As is the case in our earlier discus-
sion of Hypothesis 1, columns (3) and (4) of Table 4
show that the point estimates of the test statistic of Hy-
pothesis 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 + γ3
′mit) at different levels of mit, together with its

90% confidence interval, in Figure 2. These results

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 ×
mit and sit × dit

Full ACAP
model with
three-way
interaction

Subsample:
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 × dit × mit 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
R2 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 R2 values are “within” estimates that do not
include the explanatory power of the fixed effects.

***p < 0.01; **p < 0.05; *p < 0.1.
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highlight the critical interdependence between dit and
mit. Whereas the point estimate of the hypothesis test
of the marginal effects of dit were supported at only at
the p < 0.1 level when evaluated at mean values of mit,
dit has a statistically significant and negative impact
on the value of spillovers when mit is at or below the
sample median. For example, when mit is at the 25th
percentile, the value of the statistic (γ′

2 + γ3
′mit) is

−0.00316 (p < 0.05). When prior investments are suffi-
ciently high, however, increases in dit do not impede
spillover benefits.

Finally, we assess the interaction effect of prior in-
vestments in enterprise software and difficulty of
learning on the returns of knowledge inflows. The test
of Hypothesis 3 can be performed directly by examin-
ing γ′

3 > 0 in regression Equation (6). We observe a
positive and significant coefficient estimate of the
three-way interaction sit × dit × mit at the p < 0.05 level,
supporting Hypothesis 3. That is, prior IT investments
play a greater role when external knowledge is diffi-
cult to learn.

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

software serves dual purposes: beyond its direct con-
tribution to productivity, it also contributes to produc-
tivity indirectly by enhancing a firm’s IT-related ab-
sorptive 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 out-
put 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% increase in the amount of inward knowl-
edge flow is associated with a 0.0042% 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 inflow are even greater
when mit (prior investments) is higher and/or dit (diffi-
culty of learning) is lower. For example, marginal effect
calculations suggest that when mit is at the third quar-
tile of the sample (and dit is at its mean value), the out-
put elasticity of knowledge flows is 0.01437 (p < 0.01),
and a 1% increase of knowledge flow leads to a $0.79
million increase in added value. Alternatively, when dit
is at the first 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 1% increase of knowledge
flow 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
flow 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). In contrast, firms that acquired novel
knowledge flow without making prior related invest-
ments received the lowest returns (the lower right-hand
corner). Indeed, whereas 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

Table 4. Hypotheses Testing

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

Hypothesis 1 N/A 0.00007
(p � 0.094)

N/A 0.00007
(p � 0.099)

0.00014
(p � 0.007)

0.00016
(p � 0.053)

Hypothesis 2 N/A N/A −0.00153
(p � 0.197)

−0.00155
(p � 0.205)

−0.00233
(p � 0.075)

−0.00171
(p � 0.158)

Hypothesis 3 N/A N/A N/A N/A 0.00002
(p � 0.031)

0.00002
(p � 0.103)

Notes. In columns (5) and (6) Hypothesis 1 is tested by computing (γ ′
1 +γ ′

3 dit) > 0 with dit at mean. In columns (5) and (6) Hypothesis 2 is tested
by computing (γ′

2 + γ ′
3 mit) < 0)withmit at mean.

Figure 1. (Color online) (g′
1 +g3

′dit) at DifferentLevels of dit
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is evident from the figure that variations in prior re-
lated investments lead to drastic changes in the re-
turn 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- 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 (2014b; 0.027) and Tambe and Hitt (2012; 0.032).
The differences may be explained by the different
sample we use, which consists exclusively of SAP en-
terprise software adopters.

We further note that the coefficient on our knowl-
edge flow variable (sit) in columns (2)–(5) is not statis-
tically 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, whereas the coefficient on the variable mit
is not statistically significant, this is likely because of
two reasons. First, our measure of prior related invest-
ments, similar to other work in the ACAP literature
that is based on survey measures,17 has limited varia-
tion 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 co-
efficient 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

Figure 2. (Color online) (g′
2 +g3

′mit) at Different Levels of
mit
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Figure 3. Contour Plot, Marginal Effect of Knowledge Flow on Output
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in multiple testable implications, and we explore
whether the evidence is consistent with the theory.
Whereas it is possible that unobserved heterogeneity
could influence our estimates, our exploration of mul-
tiple testable implications circumscribes the way in
which unobserved heterogeneity must influence our
results to support alternative explanations. For exam-
ple, 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 combi-
nation of the use of the production function approach,
the fixed effects panel data, and the exploration of inter-
actions between quasi-fixed (prior module investments)
and time-varying (spillover) factors of production
makes our empirical approach similar to recent explo-
rations 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). Nev-
ertheless, 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, re-
sulting in knowledge flows unobserved to us. For ex-
ample, 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 ex-
tent to which this influences our findings, we collected
data on investments in enterprise software from Ora-
cle 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 signifi-
cantly different for firms that implemented both sys-
tems (SAP and Oracle). We find that our parameter es-
timates 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
resulting from the firms’ endogenous choice of partici-
pation 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 population
may not be as large as we estimate. To address this se-
lection concern, in column (6) of Tables 3 and 4, we
present a subsample 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 capi-
tal—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 Hy-
potheses 2 and 3 drop because of 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 reduces selection bias
by eliminating all between-firm variation, producing
estimates of ACAP variables and interactions that dif-
ference out average effects within firms over time.

5.2.2. Alternative Measures. We experiment with al-
ternative 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 mod-
ules 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 are 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 5.
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 one if the firm’s cumula-
tive 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 com-
pared with our baseline measure and that of column
(1) of Table 5. It is also less correlated with cit (correla-
tion 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 meas-
ures demonstrate patterns consistent with the absorp-
tive capacity model.

We then present results using a different measure
of the difficulty of learning based on the percentage of
knowledge flow obtained from SCN forums that are
related to business functions. The direction and signif-
icance of the results are similar to those in our baseline
regressions although the support for Hypotheses 2
and 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 ro-
bustness of our findings to the mismeasurement of
our spillover/knowledge flow variable (presented in
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Table A.3) and show that the findings are robust to
different ways of measuring the spillover variable.

5.2.3. Instrumental Variables Regression. As dis-
cussed earlier, the amount of knowledge inflow is
based upon (1) the number of questions asked and (2)
the likelihood of having a question answered. By in-
cluding the number of questions in our regressions,
we control for omitted factors that could be correlated

with both the propensity to ask questions and produc-
tivity. However, it remains possible that our estimates
of knowledge inflows are biased because of omitted
factors that influence the likelihood of responses and
are correlated with productivity. For example, work-
ers 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 are answered.

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
R2 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 R2 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)

Hypothesis 1: (γ′
1 + γ ′

3 dit) > 0 with dit at mean 0.03450
(p � 0.000)

0.01679
(p � 0.008)

0.00009
(p � 0.051)

Hypothesis 2: (γ′
2 + γ ′

3 mit) < 0) with mit at mean −0.00294
(p � 0.007)

−0.00337
(p � 0.021)

−0.00247
(p � 0.171)

Hypothesis 3: γ ′
3 > 0 0.00520

(p � 0.011)
0.00456

(p � 0.037)
0.00002

(p � 0.211)

Note. p-values are based on two-tailed 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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We construct two instrumental variables for knowl-
edge flows to address the latter concern. The first in-
strument (IV1) uses characteristics of the forums in
which the firm participates. Some forums have a sys-
tematically higher or lower probability of answering a
given question. For each question asked by the focal
firm, we compute the predicted amount of knowledge
inflow based on regressions in which the predictors cap-
ture forum-wide characteristics. These characteristics in-
clude forum 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 (IV2) takes advan-
tage of exogenous events that draw greater attention
to questions raised in some forum-years than those in
others. Every year, SAP hosts its largest global busi-
ness technology event—a conference called Sapphire
Now—for its users and partners, offering three full
days of networking, strategy, discussions, and educa-
tion 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 prod-
ucts 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 conferen-
ces’ archival websites. We compiled the conference
theme topics from product road maps, announcements,
keynote speeches, lectures, and workshops at the con-
ferences. We then map these topics at the conferences to
the topic forums on SCN.

The instrumental variable is constructed by count-
ing 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 confer-
ences are more likely to be answered because of 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 ser-
vice 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 at-
tendees may socialize with employees from other
firms at networking events and workshops and, there-
fore, strengthen their personal bonds, increasing the

likelihood that the questions they raise on conference-
related SCN forums get answered.

Because our regression specification in Equation (6)
involves interaction terms in which knowledge flow is
a component, we need to instrument for these interac-
tions as well because they may also be endogenous.
Therefore, in addition to the two instrumental varia-
bles IV1 and IV2, we further add the interactions
between the two IVs and variables associated with ab-
sorptive 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: IV1it, mitIV1it, ditIV1it, mitditIV1it, IV2it,
mitIV2it, ditIV2it, and mitditIV2it.

We report the results of the two-stage least squares
(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, sug-
gesting that the instruments are not weak. The
Stock–Yogo critical values further confirm the validi-
ty 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 val-
ue of 10).18 In addition, in the overidentification test,
the Hansen J statistic has a value of 7.39, which can-
not reject the null that the set of instruments are
valid.

We observe that, in column (1), the coefficient esti-
mates 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 re-
gression in column (5) of Table 3 (0.00013 versus
0.00015, −0.00318 versus −0.00404, and 0.00002 versus
0.00002, respectively). This is confirmed by a Hausman
test comparing the baseline model and the IV regres-
sion, 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 hypothe-
sis 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 versus 0.00014, −0.00126 versus −0.00233, and
0.00002 versus 0.00002 for Hypotheses 1–3, respective-
ly) although the significance levels drop because of the
inflation in the estimated values of standard errors,
which is not uncommon when instrumenting for mul-
tiple endogenous interaction terms.

We extend our baseline IV analysis in two ways.
First, we reestimate our baseline IV model when re-
placing 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
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significance levels (p < 0.01, p < 0.1, and p < 0.01, re-
spectively) as we show in column (2) of Table 8.

Second, we have conducted a system generalized
method of moments (GMM) estimation that incorpo-
rates the estimation approach attributed to Arellano
and Bond (1991) and Blundell and Bond (1998). Our ap-
proach follows the methodological suggestions provid-
ed by Roodman (2009), using the xtabond2 GMM esti-
mator in Stata. In particular, the dynamic panel
estimator includes one lag of the dependent variable,
which, together with knowledge inflows and its inter-
actions with the ACAP terms (i.e., sit,mitsit,ditsit, and
mitditsit), is treated as endogenous. We use deeper lags
of the dependent variable and endogenous variables as
GMM-style instruments. In addition, we include
IV1it, mitIV1it, ditIV1it, mitditIV1it, IV2it, mitIV2it, ditIV2it,

and mitditIV2it 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 or-
ders 1 and 2. We note that these latter statistics are con-
sistent 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, Nagle 2019). The results
are qualitatively consistent with our benchmark results,
and the two-tailed tests provide strong statistical signif-
icance (p<0.05 for all three hypotheses).

6. Conclusions
This paper shows that the productivity effects of
knowledge flows related to the implementation and

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 Second stage of 2SLS
Second 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-statistic 39.294 45.682
Hansen J statistic 4.991 (p > 0.10) 4.781 (p > 0.10)
R2 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 R2 values are “within” estimates that do not
include the explanatory power of the fixed effects. Thirteen observations were dropped in the IV regressions (columns (1) and (2)) because of
singletons.

***p < 0.01; **p < 0.05; *p < 0.1.
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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 pro-
vide boundary conditions for when prior results ap-
plying ACAP to business process innovation in the IS
setting do 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 ex-
ternal knowledge flows is stronger for firms with prior
investments in enterprise software and lower when ex-
ternal 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 facilitat-
ing the absorption of knowledge and, thus, increasing a
firm’s productivity.

We contribute to the existing literature on IT spill-
overs by fully applying the essence of the ACAP theo-
ry 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 signifi-
cant prior ERP investments can benefit from them. On
the other hand, failure to consider the dual effects of
enterprise IT investments leads to underestimation of
their true returns. Whereas prior IS literature recog-
nizes the importance of a firm’s ACAP as a key capa-
bility moderating knowledge transfer and productivi-
ty, it mainly focuses on the path-dependent
component of ACAP—the stock of prior IT knowl-
edge as a function of prior IT investments (Roberts
et al. 2012). We contribute to the IS literature by focus-
ing on an aspect of ACAP theory that has been ne-
glected 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 pri-
or results from the R&D literature hold, and prior

literature is unable to inform this gap in the literature
because of the challenges in measuring the nature of
knowledge in the IS setting. Our measurement strate-
gy on knowledge flows allows us an unusual oppor-
tunity to measure the interrelated effects of knowl-
edge spillovers, prior 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 likely underestimate their pro-
ductivity implications. For example, the shift away
from on-premises to cloud computing creates broader
implications for firms. Historically, investments in ap-
plications software were accompanied by investments
in how to deploy the systems. That is, firms deploying
enterprise software were required to make comple-
mentary investments in business process innovation.
As firms increasingly deploy service-based applica-
tion 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 and Murnane 2005).

Further, the circumstances that we identify in which
prior investments are most valuable—for knowledge
related to new applications—are precisely those in
which firms are most likely to seek external knowl-
edge because of a lack of codified best practices. That
is, our results highlight how firms without prior relat-
ed knowledge are likely to struggle in deploying fron-
tier applications.

Our results also inform understanding of how firms
interact with and gain value from an increasingly im-
portant source of knowledge: online communities. In
particular, they provide insights on why firms partici-
pate in online communities, such as SCN. Some studies
argue that workers contribute to open source projects
to develop their skills (e.g., Lakhani and von Hippel
2003, Lakhani and 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

Table 8. Hypotheses Testing

Hypothesis (1) (2) (3)

Hypothesis 1: (γ′
1 + γ ′

3 dit) > 0 with dit at mean 0.00013
(p � 0.140)

0.03535
(p � 0.001)

0.00032
(p � 0.048)

Hypothesis 2: (γ′
2 + γ ′

3 mit) < 0) with mit at mean −0.00126
(p � 0.549)

−0.00212
(p � 0.092)

−0.00544
(p � 0.045)

Hypothesis 3: γ ′
3 > 0 0.00002

(p � 0.163)
0.00667

(p � 0.008)
0.00007

(p � 0.041)

Note. p-values are based on two-tailed 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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work of Nagle (2018), our results suggest the exis-
tence of benefits of participation not only through in-
flows 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 spill-
overs (e.g., Cheng and Nault 2007, 2012; Tambe and
Hitt 2014a, b) and the traditional R&D literature on
absorptive capacity (e.g., Cohen and Levinthal 1989,
1990), knowledge flows in our setting are not external-
ities arising from investments in product or business
process innovation from firms in the same industry,
supply chain, or network. Instead, they arise from de-
liberate decisions by employees of firms to ask and an-
swer questions and, in that way, bear some similarity
to the nature of knowledge flows arising from the
transactional relationship between an IT services pro-
vider and its clients (Chang and Gurbaxani 2012a, b).
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 capac-
ity is striking.

Our research approach offers a new means of mea-
suring 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 character-
ize the differences between our approach and prior
papers that have used the ACAP framework in the IS
literature, explicating the advantages and disadvan-
tages of each. Prior work primarily uses surveys to
measure constructs in the ACAP model (Roberts et al.
2012). For example, some researchers use surveys to
measure ACAP as an asset (Ko et al. 2005, Xu and Ma
2008) or as a capability (Armstrong and Sambamurthy
1999, Pavlou and El Sawy 2006), emphasizing the role
of human capital of the firm in facilitating the absorp-
tion of external knowledge. One challenge faced by
many of these papers is that they are often costly to
implement and suffer from nonresponse or recall
biases. In contrast, whereas we have unusually direct
measures of knowledge flows and its characteristics,
we capture heterogeneity in the ability of firms to ab-
sorb 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 flow and
its absorption within a specific online community re-
lated to the use of enterprise software. However, as
we note elsewhere, such forums are becoming an in-
creasingly important way of transferring knowledge

across IT workers (Howe 2008, Boudreau and Lakhani
2009).

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 mea-
suring the inputs and outputs of the innovation pro-
cess. Although measurement of innovation is always
problematic (Mortensen and Bloch 2005, Cohen 2010),
measurement of business process innovation is partic-
ularly 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 ex-
ternal knowledge flows in augmenting internal hu-
man capital through a unique measurement strategy
that uses online behavior to capture inputs into busi-
ness process innovation that could not previously be
measured directly. Whereas we acknowledge that our
measures may not capture all such human capital ac-
cumulation, they are in the spirit of the literature on
business process innovation that uses proxies for
hard-to-measure inputs and outputs and acknowl-
edges that output elasticities may capture variance re-
lated to some kinds of unmeasured activity (e.g., Bres-
nahan et al. 2002, Anderson et al. 2003). In particular,
we wait for and encourage further work that may find
alternative strategies of measuring the key inputs into
the ACAP model.

As in any study seeking to measure the produc-
tivity implications of IT investments, business pro-
cess 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 robust-
ness are shaped by the unique data-generating pro-
cess 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 re-
sults 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 in-
vestigating, at a more disaggregated level, how relat-
ed human capital investments influence the benefits
that accrue to individual workers from participation
in related communities (Huang and Zhang 2016). This
can be accomplished by tying community activity to
databases of worker skills, using data from sites such
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as LinkedIn. We hope our research spurs additional
work in these important areas.
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Appendix 1. Details on Computation of IT Capital
As noted in the paper, our measure of IT capital is de-
rived from the CI database. 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 mar-
ket value of the IT hardware systems plus three times the
current year IT labor expenses. The first component of
this variable is equal to the market value of total PCs and
servers currently owned by the firm, converted to cons-
tant 2005 U.S. dollars. To be specific, we collect market
prices of PCs and servers in the United States from a two-
report series produced by the Gartner Dataquest Market
Statistics database—Gartner Worldwide Server Forecast
and Gartner Worldwide PC Forecast—from 2004 to 2008.
This two-report series presents detailed statistics on the
number of shipments, prices, vendor revenues, and other
related information about PC and servers broken down to

the level of each geographic region and market segment.20

Our market prices for PCs and servers are calculated as
the average user price across their respective market seg-
ments within the United States. These prices are then mul-
tiplied by the quantities of PCs and servers owned by the
firm to derive the market value of the IT computer assets
for each firm. Finally, we deflate the market value by the
Bureau of Economic Analysis price index for computers
and peripheral equipment.
The second component of IT capital stock is IT-related

labor expenses. The CI database provides the number of
IT employees of the sample firms at the site level (which
falls into one of the following ranges: 1–4, 5–9, 10–24,
25–49, 50–99, 100–249, 250–499, and 500 or more), and a
site represents a particular firm location, much like the con-
cept of establishment in census data. We aggregate the site-
level employee numbers to the firm level to derive the total
number of IT-related employees hired by the firm. For each
range, we take the middle value of the range as the number
of IT employees. IT labor prices are obtained from the occu-
pational employment and wage estimates series from the
BLS OES, and we use the mean annual wage of computer
and mathematical occupations as the average labor price for
IT employees. As the wage reported by the OES series does
not reflect benefits, we multiply the wage number by the ra-
tio of total compensation to salary, which is obtained from
BLS ECEC series. The IT labor expense is then deflated by
the BLS ECI for private industry workers.

Appendix 2. Additional Robustness Tests of the
Absorptive Capacity Model
Although we use fixed effects to control for time-invariant
firm-level heterogeneities, some time-varying, unobserved
factors might be correlated with both our measurement of
knowledge spillovers and firm productivity. In addition,
the presence of potential measurement errors in our spill-
over variable may lead to bias in estimation. Although it
is impossible to control for all the unobservable factors, in
the following, we present a systematic discussion of the
remaining endogeneity issues and the measures we take
to address each of them. We focus on two sources of po-
tential endogeneity in this discussion: (1) mismeasurement
of our spillover variable and (2) IT spillovers through in-
vestments made by firms in the same industry that may
be correlated with our measure.

Table A.1. Evolution of SAP Community Network

Year

Number of
registered

users

Number of
active
forums

Number of
new threads
initiated in
the year

Average
number of
replies for
threads

initiated in
the year

Fraction of
questions
solved

Fraction
received
helpful
answers

Fraction
received

very helpful
answers

Number of
days until
correct
answer

2004 19,289 57 16,296 4.679 0.107 0.073 0.098 13.378
2005 43,226 83 67,225 5.394 0.244 0.271 0.295 4.735
2006 80,981 141 176,422 5.160 0.242 0.293 0.314 3.359
2007 137,552 179 394,183 4.731 0.227 0.260 0.287 4.219
2008 198,975 209 463,740 4.625 0.252 0.255 0.256 4.512
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Table A.2. Industry Segments of the Sample

Two-digit NAICS Description Frequency Percentage

11 Agriculture, forestry, fishing, and hunting 5 0.4
21 Mining, quarrying, and oil and gas extraction 25 2.02
22 Utilities 104 8.39
23 Construction 8 0.65
31–33 Manufacturing 824 66.45
42 Wholesale trade 51 4.11
44–45 Retail trade 48 3.87
48–49 Transportation and warehousing 17 1.37
51 Information 71 5.73
52 Finance and insurance 12 0.97
53 Real estate and rental and leasing 10 0.81
54 Professional, scientific, and technical services 31 2.5
56 Administrative and support and waste management and remediation services 10 0.81
62 Healthcare and social assistance 9 0.73
72 Accommodation and food services 15 1.21
Total 1,240 100

Table A.3. Robustness Tests of Absorptive Capacity Model

Variables
(1) (2) (3) (4)
Alternative measures of spillovers Industry Spillover Pool

kit 0.11383** 0.11367** 0.11411** 0.10994**
(0.04428) (0.04424) (0.04419) (0.04497)

cit 0.01811** 0.01820** 0.01735** 0.01819**
(0.00737) (0.00737) (0.00748) (0.00743)

lit 0.72697*** 0.72712*** 0.72737*** 0.72923***
(0.05877) (0.05873) (0.05879) (0.05887)

mit −0.00064 −0.00063 −0.00061 −0.00065
(0.00070) (0.00070) (0.00070) (0.00070)

sit −0.00834 −0.01069 −0.00822 −0.00840
(0.01032) (0.01847) (0.01013) (0.01011)

sit × mit 0.00015*** 0.00025*** 0.00015*** 0.00015***
(0.00005) (0.00009) (0.00005) (0.00006)

sit × dit −0.00417** −0.00660** −0.00410** −0.00409**
(0.00195) (0.00316) (0.00193) (0.00188)

sit × dit × mit 0.00002** 0.00004** 0.00002** 0.00002**
(0.00001) (0.00002) (0.00001) (0.00001)

Industry spillover pool 0.01855 0.01130
(0.01395) (0.01122)

Log(registered users) −0.01368 −0.01182 −0.01330 −0.01388
(0.01593) (0.01603) (0.01601) (0.01598)

Log(questions) −0.01306 −0.01480 −0.01296 −0.01264
(0.02060) (0.02131) (0.02063) (0.02053)

Log(learning by reading) 0.00119 0.00132 0.00106 0.00105
(0.00418) (0.00424) (0.00420) (0.00413)

Constant 1.66753*** 1.66635*** 1.53008*** 1.61534***
(0.45824) (0.45838) (0.45217) (0.45989)

Observations 1,240 1,240 1,240 1,240
Number of firms 275 275 275 275
R2 0.57865 0.57854 0.57911 0.57909

Notes. 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 R2 values are “within” estimates that do not include the explanatory power of the
fixed effects. In column (1), the spillover measure includes only reward points from correct and very helpful answers. In column (2), the spillover
measure is defined as the number of resolved questions not weighted using reward points. In column (3), the spillover pool is calculated based
on the IT investments of firms in the same three-digit NAICS industry. In column (4), the spillover pool is calculated based on the IT investments
by firms in the same three-digit NAICS industry and had SAP enterprise software installations.

***p < 0.01; **p < 0.05; *p < 0.10.
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First, endogeneity concerns may arise because of the
way we measure the IT spillover variable. For example,
one potential issue with our baseline spillover measure is
that knowledge seekers may not pay enough attention to
the answers posted or simply lack the expertise to judge
the quality of the answers, leading to mismeasurement of
the spillover variable. Moreover, we might mismeasure
the magnitude of spillovers if a knowledge seeker re-
wards too many knowledge contributors by marking their
posts as helpful (because, unlike correct answers and very
helpful answers, the number of helpful answers per
thread is not limited).

Such measurement errors, if they exist, are most likely
to result in an attenuation bias in the estimates. Howev-
er, to assess how measurement error might influence our
results, we perform two separate analyses. First, we cal-
culate the spillover variable using reward points from
only correct and very helpful answers, therefore prevent-
ing the large number of helpful answers from inflating
the spillover variable. We present the result of this analy-
sis in column (1) of Table A.3. Second, we construct the
spillover variable by simply counting the number of
questions that are resolved (questions that received ei-
ther a correct answer or at least a very helpful answer)
without using reward points as weight. The result is
presented in column (2) of Table A.3. We find that the
findings are robust to different ways of measuring the
spillover variable.

Second, endogeneity may cause bias in our coefficient
estimate of knowledge spillover if our measure of spill-
over is correlated with those that occur via other spillover
channels, such as those that are mediated through exter-
nal knowledge pools. In prior literature, such external
knowledge pools are usually modeled as the weighted
sum of IT investments made by other firms in the same
industry or those facing the same technological opportuni-
ties (Tambe and Hitt 2014b). We present two sets of re-
sults in which we explicitly account for other spillover
channels using a pooled approach, similar to the one
adopted by Tambe and Hitt (2014b). First, we construct
the spillover pool using industry proximity and define the
pool as the sum of IT investments made by all other com-
panies (among the Fortune 1,000) in the same three-digit
NAICS industry and present the results in column (3) of
Table A.3. Second, we also construct the spillover pool us-
ing both industry and technological proximity. Specifi-
cally, we define the pool as the sum of the IT investments
by all other firms (among the Fortune 1,000) that (1) fall

into the same three-digit NAICS industry as the focal firm
and (2) had installed SAP enterprise software prior to
2004. The results of incorporating the spillover pool are
presented in column (4) of Table A.3. We find that the co-
efficient estimate remains robust after we add the pooled
measures of IT spillovers.21

Appendix 3. Comparison with the Measure of
Supply Chain Spillovers
Prior research on IT spillovers highlights the distinction
between knowledge and rent spillovers; the latter happens
when factor inputs are purchased from other industries at
a price that does not fully reflect the improvements in the
quality resulting from the use of IT (Chang and Gurbaxani
2012a). However, earlier studies are unable to disentangle
the two empirically because of measurement difficulties
(Mun and Nadiri 2002, Cheng and Nault 2007, Chang and
Gurbaxani 2012a). Our novel measurement of knowledge
flow, in contrast, offers a unique opportunity to study the
two jointly. For comparison purposes, we follow the pro-
cedure described in Chang and Gurbaxani (2012b) and
compute the IT spillovers embedded in purchases of inter-
mediate inputs from upstream industries (named SP2 in
Chang and Gurbaxani 2012b), using industry level
input–output tables published by the Bureau of Labor
Statistics.
The purpose of the exercises performed in this section

is threefold. First, if the knowledge flow variable we con-
struct captures variation in human capital deepening
through the acquisition of external knowledge rather than
IT spillovers that are embodied in intermediate inputs,
then adding IT spillovers through the supply chain into
the regression should have little impact on our findings.
We explore this possibility by adding the supply chain IT
spillovers (in its log form, named s′it) into our baseline re-
gression and present the results in column (1) of Table
A.5. We find that, as expected, the coefficient estimates of
mitsit, ditsit, and mitditsit are qualitatively similar to our
earlier estimates. Interestingly, we observe that, when this
pool-based, embedded IT spillover variable is added to
the model, it leads to a lower (and insignificant) estimate
of the output elasticity of non-IT capital relative to column
(5) of Table 3 as well as a lower output elasticity of non-
IT labor, suggesting that the measure may be capturing
variations beyond IT spillovers. This correlation between
IT spillover and other factors of production has been iden-
tified in prior research (Tambe and Hitt 2014b).

Table A.4. Hypotheses Testing

Hypothesis (1) (2) (3) (4)

Hypothesis 1: (γ′
1 + γ ′

3 dit) > 0 with dit at mean 0.00015
(p � 0.006)

0.00025
(p � 0.008)

0.00014
(p � 0.007)

0.00015
(p � 0.007)

Hypothesis 2: (γ′
2 + γ ′

3 mit) < 0) with mit at mean −0.00416
(p � 0.033)

−0.00660
(p � 0.038)

−0.00236
(p � 0.069)

−0.00232
(p � 0.067)

Hypothesis 3: γ ′
3 > 0 0.00002

(p � 0.034)
0.00004

(p � 0.022)
0.00002

(p � 0.033)
0.00002

(p � 0.029)

Note. p-values are based on two-tailed 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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Table A.5. Horse Race Between Knowledge Flows and Supply Chain Embedded Spillovers

(1) (2) (3) (4)

Variables Knowledge flows Supply chain spillovers Both spillovers

SAP-specific prior
investment versus
general prior IT

investment

kit −0.06188 −0.06180 −0.06122 −0.06192
(0.04560) (0.04495) (0.04542) (0.04537)

cit 0.01491** 0.01555** 0.01439** −0.00016
(0.00707) (0.00668) (0.00678) (0.01344)

lit 0.39245*** 0.38915*** 0.38773*** 0.39003***
(0.05750) (0.05771) (0.05772) (0.05724)

mit −0.00122* −0.00265** −0.00262** −0.00114
(0.00072) (0.00131) (0.00131) (0.00070)

Supply chain spillover (s’it) 0.72232*** 0.70127*** 0.70219*** 0.71300***
(0.09178) (0.09108) (0.09157) (0.09257)

Knowledge flows (sit) −0.00839 0.00940 −0.00937 −0.00807
(0.00879) (0.00652) (0.00991) (0.00899)

sit × mit 0.00016*** 0.00017*** 0.00016***
(0.00005) (0.00006) (0.00006)

sit × dit −0.00287* −0.00217 −0.00269
(0.00168) (0.00183) (0.00176)

sit × dit × mit 0.00003** 0.00002 0.00002**
(0.00001) (0.00002) (0.00001)

s’it × mit 0.00034 0.00034
(0.00022) (0.00022)

s’it × dit 0.00038 −0.00103
(0.00193) (0.00255)

s’it × dit × mit −0.00001 0.00000
(0.00001) (0.00002)

s’it × cit 0.00321
(0.00277)

Log(registered users) −0.00490 −0.00303 −0.00505 −0.00432
(0.01236) (0.01272) (0.01297) (0.01232)

Log(questions) −0.00383 −0.00352 −0.00278 −0.00353
(0.01732) (0.01756) (0.01800) (0.01735)

Log(learning by reading) −0.00089 −0.00122 −0.00112 −0.00106
(0.00365) (0.00370) (0.00372) (0.00366)

Constant 2.50685*** 2.61181*** 2.61385*** 2.56042***
(0.37537) (0.36727) (0.36998) (0.37201)

Year fixed effects Yes Yes Yes Yes
Observations 1,240 1,240 1,240 1,240
R2 0.69920 0.69980 0.70056 0.69959
Number of firms 275 275 275 275

Notes. The dependent variable is the natural logarithm of value added. All models use firm-level fixed effects and year dummies. Robust
standard errors are in parentheses. All R2 values are “within” estimates that do not include the explanatory power of the fixed effects. In column
(1), we add a measure of supply chain spillovers, but we test for the presence of ACAP using our original measure of knowledge flows. In
column (2), we interact supply chain spillovers with mit and dit, leaving knowledge flows sit only as a control. In column (3), we interact both sit
and s’it with mit and dit. In column (4), we combine tests for ACAP using sit with an interaction between supply chain spillovers s’it with generic
IT capital investment cit.

***p < 0.01; **p < 0.05; *p < 0.10.

Table A.6. Hypotheses Testing

Hypothesis (1) (2) (3) (4)

Hypothesis 1: (γ′
1 + γ ′

3 dit) > 0 with dit at mean 0.00016
(p � 0.003)

N/A 0.00016
(p � 0.004)

0.00015
(p � 0.004)

Hypothesis 2: (γ′
2 + γ ′

3 mit) < 0) with mit at mean −0.00081
(p � 0.439)

N/A −0.00032
(p � 0.782)

−0.00074
(p � 0.501)

Hypothesis 3: γ ′
3 > 0 0.0003

(p � 0.018)
N/A 0.00002

(p � 0.159)
0.00002

(p � 0.027)

Note. p-values are based on two-tailed 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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Second, we use the embedded IT spillover measure to
conduct a falsification test. If our model of absorptive ca-
pacity is correct, we expect the patterns as predicted in
the absorptive capacity model do not apply to IT spill-
overs through a firm’s supply chain when we interact
those spillovers with prior investments in enterprise soft-
ware and our measure of difficulty of learning (based on
activity in the forum). In column (2) of Table A.5 we pre-
sent a model in which we interact s′it with mit, dit, and
mitdit. We find that the three interaction terms mits′it, dits′it,
and mitdits′it display entirely different patterns than pre-
dicted by the ACAP model. We add both sets of interactions
in column (3) of Table A.5. We find that the estimates using
our earlier measure of knowledge flows sit remains direc-
tionally consistent with the ACAP model predictions al-
though the significance of ditsit, and mitditsit drop below
conventional levels. In contrast, we do not find estimates us-
ing s′it are consistent with the ACAP model.

Third, although we show that the embedded IT spill-
overs do not interact with enterprise software–specific in-
vestments ( mit) in a way that is predicted by the ACAP
model, we test the conjecture that its contribution to pro-
ductivity may be stronger with greater generic IT invest-
ments. Therefore, we interact s′it with a firm’s IT capital
(cit) and add the interaction into the regression. We find
the coefficient estimate of the interaction is directionally
consistent with our conjecture but statistically short of be-
ing significant at conventional levels. The results are pre-
sented in column (4) of Table A.5. In summary, this set of
horse races between knowledge flows and IT spillovers
through supply chain relationships demonstrates that our
knowledge flow variable indeed reflects a different spill-
over mechanism than that embedded in a firm’s purchase
of intermediate inputs.

Endnotes
1 For a review of the literature, see, for example, Brynjolfsson and
Milgrom (2012). For a recent example, see Tambe and Hitt (2014a).
2 Investments in education, training, health, and values that cannot
easily be separated from people are regarded as human capital (Beck-
er 2008). As subsequently discussed in further detail, in our setting,
knowledge acquisition builds human capital through a variety of for-
mal and informal means. We, therefore, use the terms “acquire
knowledge” and “accumulate human capital” interchangeably.
3 See http://nymag.com/intelligencer/2017/03/the-hidden-power-
of-stack-overflow.html.
4 See https://stackoverflow.blog/2019/01/18/state-of-the-stack-2019-
a-year-in-review/.
5 See https://insights.stackoverflow.com/survey/2019.
6 See https://en.wikipedia.org/wiki/SAP_Community_Network.
7 Our model and data analysis assume that knowledge stocks are
formed based on the cumulated enterprise IT investments and
flows of external knowledge related to enterprise software. We ex-
plore the robustness of our results to the inclusion of other sources
of spillovers in the empirical section.
8 Note 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 Equations (4) and (5).
9 This argument is also used to explain higher levels of spatial clus-
tering 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
and Feldman 1996).
10 Retrieved from http://www.bls.gov/mfp/mprdload.htm.
11 We use the log(1+Sit) transformation in all regressions as a mea-
sure of sit to avoid loss of observations when Sit � 0. To probe the
robustness of our procedure, we reestimate our models adding a
dummy variable � 1 when Sit � 0 and find that our results are quali-
tatively unchanged. Results are available upon request.
12 For example, among all the discussion threads that are initiated by
U.S. knowledge seekers during our sample period, only 48% (23,973
out of 49,977) of them have a seeker who reported an employer.
13 See https://blogs.sap.com/2008/01/22/business-objects-diamond-
bring-us-value/.
14 Some examples of technical oriented forums are Java Program-
ming, Form Printing, SAP on SQL Server, and Data Transfers. Some
examples of business-oriented forums are Logistic Materials Manage-
ment, Sales and Distribution General, and ERP Operations–Quality
Management.
15 Typical SAP technical modules are ABAP (Advanced Business
Application Programming) and BASIS (Business Application Soft-
ware Integrated Solution). Typical SAP functional modules are
FICO (Finance & Controlling), HR (Human Resource), and MM
(Material Management).
16 For additional details on computing linear combinations of coeffi-
cients, see Jaccard et al. (1990) and Aiken et al. (1991).
17 For further discussion, see Roberts et al. (2012).
18 Stock–Yogo critical values are not reported because of space con-
straints; they are available from the authors upon request.
19 See, for example, Bartel et al. (2007), Bresnahan and Greenstein
(1996), Bresnahan et al. (2002), Dranove et al. (2014), and Ichniowski
and Shaw (2003).
20 Gartner Dataquest defines PC market segments as desk-based,
mobile, professional, and home. Server market segments are de-
fined by CPU types, which include x86, IA64, RISC, and other. The
database covers the global regions of Asia/Pacific, Eastern Europe,
Latin America, Middle East and Africa, and Western Europe. Sever-
al country-level statistics are also available, including the United
States, Canada, and Japan.
21 We note that, unlike Tambe and Hitt (2014b), the spillover pool is
not significant in column (3) of Table A.3. However, this difference
is likely a result of the smaller sample we use here: we consider
only the 275 SAP user firms among the Fortune 1,000 in this study.
Indeed, when we run the same model using the Fortune 1,000 sam-
ple, we get a positive and significant estimate of the spillover pool,
consistent with Tambe and Hitt (2014b).
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