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Abstract
We study how a provider’s technical support influences service demand in a business-tobusiness setting. The provider offers two levels of support, basic and full, reflecting its
involvement with the buyer in co-producing the service. Using a unique nano-data set on
public cloud infrastructure services consumption by 20,298 firms from March 2009 to
April 2012, fixed effects panel data models, and a difference-in-difference identification
strategy, we find that buyers who opt for full support consume 137% more IT capacity
than those who do not. Moreover, even if they eventually switch from full to basic
support, they continue to consume 105% more IT capacity, providing evidence of
knowledge transfer. Further, purchase of support is complementary with buyer size:
larger firms who adopt full support increase their demand more and retain knowledge
better than smaller ones. Finally, we examine the underlying knowledge transfer
mechanisms and estimate their economic value.
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Introduction

Service customers frequently perform actions that are essential to the value they receive from the service.
For example, online banking customers must manipulate a web site to obtain the information they need,
while in many business IT services contexts the customer must transfer essential information to the
provider. This buyer role as both a recipient and producer of services, known as service co-production,
plays a key role in determining the quality of service output and demand for the service. For example, in
the context of business-to-consumer (B2C) online self-service technologies (SSTs) such as those
associated with online banking, retailing, or auctions, among others, research has consistently shown that
customers’ capabilities in co-producing the service are a key determinant of their adoption and continued
usage of the services (e.g., Xue and Harker 2002; Xue et al. 2007).
Nonetheless, the factors associated with customers’ capabilities, such as their knowledge, skills
and abilities (KSAs), have traditionally been considered as given and thus exogenous to the provider
(e.g., Xue et al. 2011). With the exception of Field et al. (2012), who highlight the role of face-to-face
interactions with a service provider in the B2C setting, little is known on how providers can influence end
users’ KSAs. To our knowledge, no prior work has demonstrated whether a provider’s explicit attempts to
improve KSAs through customer education and support can influence customer demand for a service.
We aim to take a first step in narrowing this gap in understanding by examining whether provider
technical support influences demand for a particular commodity SST, namely public cloud infrastructure
services.1 Our central research questions are: Does a provider’s technical support influence demand for
its service? If so, how? We address these questions in the context of firm decisions to consume public
cloud computing infrastructure services. Our focus on the business context allows us to examine whether
service providers help businesses to overcome knowledge barriers at the organizational level, a
proposition that has been argued in prior work but which has not been empirically tested (Attewell 1992;
Fichman and Kemerer 1999). Further, we investigate how our results vary with firm size and technical
sophistication. This allows us to advance existing literature on whether external sources of knowledge—
such as service providers—are complements or substitutes to internal knowledge sources such as firm IT
capabilities (see Argote and Miron-Spektor (2011) for a review). Finally, the procedures we have
1

Public cloud infrastructure services, or public Infrastructure-as-a-Service (IaaS), are a B2B SST in which ondemand computing and storage resources (i.e., servers) are offered on a pay-as-you-go basis (Mell and Grance
2011).
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developed have practical applications. They can be used by SST providers in a broad range of industries
to analyze big data they collect on buyer behavior, enabling them to measure how a buyer’s demand is
influenced by its use of technical support.
In our research setting, the provider’s customers consume IT server capacity and also choose (and
switch between) two levels of technical support, basic and full. Full support differs from basic support in
that when offering it the provider educates buyers and helps them in their service co-production
processes, whereas basic support only deals with simple quality of service issues. We first develop a
parsimonious service co-production model that examines a buyer’s tradeoffs when choosing between
basic/no support and full support, and the corresponding demand function. The insights from the
analytical model are used to motivate our hypotheses.
To test our hypotheses we collect unique data from a major global public cloud infrastructure
services provider. Our rich data consist of 20,298 firms that used the provider’s public cloud
infrastructure service at some point between March 2009 and April 2012. Our econometric approach uses
fixed effects panel data models and a difference-in-difference identification strategy to compare buyers’
demand for the service before adopting full support, during their continued access to full support, and
after switching from full to basic support. We find that buyers who adopt and continue having access to
the provider’s full support consume an average of 137% more IT capacity relative to customers who have
only had access to basic support, indicating that the economic value of the knowledge transferred to
buyers through support is very significant. Furthermore, we find evidence that the effects of such
knowledge are durable: former full support customers continue to consume, on average, 105% more IT
capacity compared to those who have never used full support. To address concerns about how omitted
variable bias in our models might influence our results (e.g., how changes in unobserved business needs
may drive both the choice of using full support and changes in our dependent variable), we run our main
model employing matched subsamples that are constructed using a coarsened exact matching (CEM)
procedure (Blackwell et al. 2010). As an additional robustness check, we also use lagged values of our
variables as instruments (Arellano and Bover 1995; Blundell and Bond 1998) in dynamic panel models
using a generalized method of moments (GMM) estimation approach. The estimates across these various
subsamples and models are qualitatively consistent with our main findings.
We also investigate whether certain firm characteristics are complementary with adoption of full
support. Specifically, we focus on the role of firm size, a measure that has been shown to be correlated
with technical sophistication (e.g., Rogers 1995). By interacting our measure of full support with buyer
employment, we show that larger firms exhibit a greater marginal increase in their demand for the service
from adopting and having access to full support. They also retain more knowledge than smaller firms if
they opt to switch to basic support.
2

Last, we provide further evidence on the mechanisms through which support use influences
demand for cloud services by examining alternative measures of infrastructure use. Specifically, we
provide additional evidence that technical support helps buyers make better and more efficient use of the
service by quantifying the effects that full support has on buyers’ likelihood of making use of advanced
features such as the cloud’s scalability.
In addition to contributing to the literature on service co-production, our work also contributes to
extant work investigating whether internal and external knowledge sources are complements or
substitutes to each other. In the context of R&D efforts, for long it has been suggested that there is a
complementarity relationship between them (e.g., Arora and Gambardella 1994; Cassiman and Veugelers
2006; Cohen and Levinthal 1989; Cohen and Levinthal 1990). Nonetheless, much less is known regarding
their relationship in the context of process innovations. While some recent work related to process
innovations has found evidence of a substitution effect between internal and external knowledge sources
(e.g., Forman et al. 2008; Vega-Jurado et al. 2009), Chang and Gurbaxani (2012) show that IT
outsourcing customers’ level of IT intensity positively affects the benefit they derive from the provider’s
knowledge, suggesting a complementarity relationship. We also find a complementarity relationship
between the provider-sourced knowledge and a buyer’s internal knowledge stocks.
Given the massive number of firms in our data, our study provides a framework than can be
employed by SST providers to use their detailed and extensive records of customer actions to examine the
impact of their managerial decisions on customer behavior. We have worked closely with the provider’s
business analytics team and used our model to offer guidance and rigorously quantify the influence of
their premium technical support on customer demand and revenue. Moreover, we have also developed
and automated the computation of a cloud-specific metric useful to assess customers’ capabilities in
exploiting the service’s features, further allowing the provider to understand the impact of the knowledge
they have transferred to their customers on their service co-production efforts.
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Theory Development and Hypotheses

Research in the B2C service co-production setting has suggested that educating customers is an
appropriate strategy for providers when the complexity of the service is high (Burton 2002). Moving to
the B2B context, similar propositions have been made yet not empirically tested in the knowledgeintensive business services industry (e.g., IT consulting and software design), where clients’ coparticipation in service delivery is indispensable and their training and education is an important element
needed to ensure successful outcomes (Bettencourt et al. 2002). In our setting, the provider attempts to
educate its customers on how to best co-produce the service by offering them full support. In what
follows, we present a parsimonious model that demonstrates how additional support may influence
service consumption by improving a buyer’s productivity.
3

2.1

Motivating Model

We assume that there is a continuum of heterogeneous user firms (or buyers) with types

. One

can think of this type as the size or technical sophistication of the firm. Each buyer seeks to source a
service from a provider on a per-period basis as an input to produce its own products or services. The
provider offers two levels of services,

, one without support (

with support ( ) but at a premium price

plus a fixed fee

at the price of

, and the other

per period. We assume

is the

spot market price for the commodity service that is competitively determined by the market, and we
further assume the provider sets

such that it reflects its marginal cost of providing support. In each

period, the buyer decides the support level ( ) and purchase quantity

. The production function of

each buyer firm takes the Cobb-Douglas form, being determined by its type ( ), quantity purchased ( ),
and co-production output elasticity,

, which is jointly determined by the provider and the

buyer. While the use of the Cobb-Douglas form is standard in the service co-production literature (e.g.,
Xue et al. 2007), we adapt it to our B2B setting.
The fundamental assumption in our model is that buyers who opt for support enjoy a higher coproduction output elasticity than those who opt for no support: formally,

. We argue this is the

case since the provider-customer interactions that take place when full support is received enable
knowledge transfers to occur. Similar knowledge transfers through interactions are present between
consultants and clients in other B2B services contexts (Bettencourt et al. 2002; Ko et al. 2005). We follow
Darr and Kurtzberg (2000) in arguing that knowledge “transfer has occurred when a contributor shares
knowledge that is used by an adopter”, and define knowledge transfer as “the communication of
knowledge from a source so that it is learned and applied by a recipient” (Ko et al. 2005). Thus, the
transferred knowledge directly impacts buyers’ service co-production processes, which directly affects
their output from input .
For support to be an attractive option at least for some buyers, we further assume its price does
not exceed the benefit it generates for the buyer such that
does not exceed the benefit increase for the buyer such that

, and its price increase over no support
(or

).

Each buyer solves the following constrained optimization problem:
|
where

is the indicator function that captures the fact that the two-part tariff scheme occurs only

under support. Once the customer decides to adopt the service and chooses support level , her optimal
consumption level is given by
|

( )
4

It follows that customers prefer support if their type is sufficiently large, i.e.,
̂

We consider scenarios where
(

)(

(

)

̂

and focus on customers

)

̂ The following hypotheses are directly motivated from our model (they

who choose support, i.e.,

all hold true under the set of conditions as identified in our assumptions above).
2.2

Technical Support and IT Services Demand

Das (2003) mentions that “for high-technology vendors, technical support is not only a competitive
necessity, but also a potential source of revenue in markets where profits from product sales are
increasingly restricted by price competition”, suggesting support can be used as a mechanism to influence
demand for commoditized or weakly differentiated services such as cloud infrastructure services. The
hypothesis is that, given a buyer, her optimal service quantity will be greater if she opts for support rather
than for no support. Formally,
HYPOTHESIS 1:

(

| )

|

̂

This hypothesis implies that, all else equal, buyers who adopt and have continued access to full support
exhibit greater service demand compared to customers who only use basic support.
2.3

Organizational Learning, Forgetting, and Durability of Knowledge Transferred

In addition to deciding to adopt the provider’s full support, buyers can also choose, in the future, to drop
it and switch from full to basic support. A potential reason why customers switch to basic support is if
they have learned from the provider and are now able to achieve similar productivity levels as those
enjoyed by full support customers, but on their own, without the need of interacting intensely with the
provider through support and without paying the corresponding price premiums. This is consistent with
prior research that has shown that once firms internalize knowledge transferred from external sources,
their valuation of that external knowledge decreases relative to their valuation of their own internal
knowledge (e.g., Menon and Pfeffer 2003).
A key assumption underlying this process is that buyers will not forget what they have learned, or
at least not so quickly. We argue that the implementation of projects that have a direct impact on buyers’
internal business processes, such as those in the professional services industry (e.g., consultancy) or the
adoption and usage of IaaS, can be characterized as a process innovation customized to the idiosyncratic
context and needs of the customer. In such innovations, not forgetting is vital for continued success, and
extant research has found that organizational forgetting rates in this context are near zero (Boone et al.
2008).
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We conjecture that if former full support buyers have learned from the provider and do not
quickly forget what they have learned, then, given the lower prices of basic support, they will exhibit
greater service demand than other basic support customers who have not had the opportunity of learning
from the provider. In other words, when buyers can achieve productivity levels equal or at least similar to
those of full support ( ) when consuming at basic support prices (

), they will demand more services

than customers who have only accessed basic support. Formally,
HYPOTHESIS 2:
2.4

| )

(

̂

|

Firm Size and Organizational Learning and Forgetting

A recurring result in the literature is that firm size is correlated with the speed of new technology adoption
and assimilation (Rogers 1995). Among other reasons, it is understood that larger firms have more slack
resources, greater economies of scale, higher levels of professionalism, and easier access to external
resources (e.g., Attewell 1992; Fichman 2000; Fichman 2001; Forman 2005), all of which enable them to
adopt new technologies faster. If internal capabilities are substitutes for external ones, one might expect
that large firms’ marginal benefits from having access to the provider’s technical support would be low,
as they have little to gain. Nonetheless, such a view would overlook larger firms’ greater ability to derive
value from external knowledge sources.
Larger firms often have greater levels of technical sophistication and related knowledge than
smaller firms. Such knowledge will facilitate the absorption of new (but related) knowledge needed to
innovate successfully (Fichman 2001). In other words, larger firms have a greater absorptive capacity –
defined as “the ability of a firm to recognize the value of new, external information, assimilate it, and
apply it to commercial ends” (Cohen and Levinthal 1990), that will enable them to obtain greater benefits
from the knowledge transferred to them via technical support. Researchers studying knowledge transfers
between providers and customers in the IT industry have shown that absorptive capacity facilitates
knowledge transfer. For example, Ko et al. (2005) find that customers’ absorptive capacity is positively
associated with knowledge transfer between consultants and clients in the context of enterprise
information systems implementation. Similarly, recent work by Chang and Gurbaxani (2012) finds that
firms with stronger IT investments benefit more from their provider’s knowledge spillovers in the context
of IT outsourcing. We thus propose that the benefits of adopting and having access to full support should
be stronger for larger rather than smaller firms. Specifically, the greater a buyer’s size, the greater its
service demand increase associated with the adoption of and continued access to full support:
HYPOTHESIS 3:

(

(

| )

|

)

̂
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Additionally, if Hypothesis 2 holds, whereby buyers do not forget what they have learned from the
provider, and also per Hypothesis 3 larger firms are more efficient than smaller ones at transforming
knowledge into output, then one might consequently expect that larger firms are able to retain more
knowledge than smaller ones after they switch from full to basic support. In other words, again because of
larger firms’ greater levels of related knowledge and absorptive capacity, we expect that larger basic
support buyers who have accessed full support will demand more services than smaller ones who have
also accessed full support in the past. Formally,
HYPOTHESIS 4:

3

(

(

| )

|

)

̂

Research Setting: Cloud Computing Public Infrastructure Services

Cloud computing has been defined by the US National Institute of Standards and Technology as a “model
for enabling ubiquitous, convenient, on-demand network access to a shared pool of configurable
computing resources (e.g., networks, servers, storage, applications, and services) that can be rapidly
provisioned and released with minimal management effort or service provider interaction” (Mell and
Grance 2011). The pay-as-you-go nature of the service along with its rapid elasticity provides firms the
opportunity to reduce idle computing capacity waste and eliminate the necessity of an up-front capital
commitment in overprovisioning resources (Armbrust et al. 2009; Harms and Yamartino 2010). It has
been envisioned by some scholars as a general purpose technology (GPT) (Bresnahan and Trajtenberg
1995) that will serve as a catalyst for innovation and an engine for economic growth (e.g., Brynjolfsson et
al. 2010; Varian 2010; Varian 2011). Nonetheless, the current slow adoption rates of cloud infrastructure
services do not reflect such expectations. Surveys have suggested that only 29% of small and mediumsized businesses (SMBs) were paying for one or more cloud services in 2010 (Microsoft and Edge
Strategies 2011) and that in 2011 only 4% of IT professionals had implemented cloud infrastructure
services for production applications (SearchDataCenter.com 2011). More recently, InformationWeek
Reports found that the number of firms receiving services from a cloud provider only grew from 16% in
2008 to 33% in February 2012 (Wittmann 2012).
A potential reason for this slow adoption is that these services are not offered as fully outsourced,
turn-key and ready-to-use solutions for firms. Rather, the self-service nature of the cloud requires firms to
co-participate (Bitner et al. 1997) in the service delivery process. In the particular case of Infrastructureas-a-Service (IaaS) offerings, the setting that we study, “the consumer does not manage or control the
underlying cloud infrastructure but has control over operating systems, storage, and deployed
applications; and possibly limited control of select networking components” (Mell and Grance 2011). In
other words, cloud infrastructure services are a high contact service (Bitner et al. 1997; Chase 1978) in
7

which the value derived from the service depends to a great extent on buyers’ own capabilities and their
own service co-production efforts.
Additionally, there is industry insight suggesting that knowledge barriers are very likely a key
service co-production cost inhibiting adoption. A 2011 survey found that only 25% of IT staff in global
organizations had cloud experience with public infrastructure or platform-as-a-service, and 50% of the
organizations claimed that their staff was “less than somewhat prepared to handle” these services
(Symantec 2011). This suggests that most buyers are not well prepared to co-produce cloud services and
that helping them overcome their co-production costs may be vital for the success of the cloud model.
Together, the need for customers’ co-participation in the service delivery process and the presence of
knowledge barriers make cloud infrastructure services an ideal context to test if and how technical
support influences demand for services.
In our particular setting, the provider has recognized that the novelty of the service plus the
complexities involved in scaling IT capacity may pose significant knowledge barriers to buyers. In
response to this, the provider offers them the option to contract and access full support for a price
premium on the IT capacity (i.e., servers) hourly rates plus a fixed monthly fee. A prime goal of full
support is to educate buyers on how to best use the IaaS and adapt it to their idiosyncratic business needs.
Thus, when receiving full support, customers have the opportunity to learn from the provider’s prior
experience in deploying applications in cloud architectures. Buyers not willing to pay the price premiums
will only receive a basic level of support which has limited scope in the sense that it is intended to aid
customers with issues concerning account management or the overall performance of the infrastructure
service. Thus, basic support customers do not have access to external knowledge from the provider and
have to rely only on their internal knowledge stocks to co-produce the service.

4

Empirical Model

We employ linear fixed effects panel data models along with a difference-in-difference identification
strategy to tease out the effects of adoption of full support on cloud demand. The pay-per-use model
provides cloud infrastructure buyers the freedom to purchase (consume) and pay only for the computing
resources they need. Thus, we can use customers’ IT capacity demand (

as a direct measure

of their demand for the service, and use it as our dependent variable. We calculate it as average server
computing capacity (i.e., CPUs and GB of RAM) per month. Given that the distribution of IT capacity
consumption has a strong positive skew and that at times buyers may not consume any capacity, we use
the log of capacity plus 1 (

) as our dependent variable.

Our first model tests if the usage or the prior usage of full support is associated with greater IT
capacity demand:
8

(1)
Subscripts and index individual buyers (firms) and time periods (months) respectively.
Parameter

is the customer fixed effect and

dummy variable,

is a vector of month fixed effects. We also include a

, indicating in what month of its lifetime a buyer is when month starts. This allows

us to control for the possibility that customers’ IT capacity may increase in a nonlinear fashion as they
grow older and learn more about the service. Parameter

is our error term which we assume is

correlated only within individuals, but not across them.
is a binary variable that indicates if full support was adopted by customer by
time . Thus,

identifies the effects on cloud demand of adopting and having access to full support, and

we expect it to be positive and significant per Hypothesis 1.

is a binary variable that is

equal to one if the customer does not have access to full support by the end of the focal month but was
using full support at the start of the focal month or in some prior month(s). The

coefficient identifies the

durability of the effects of full support. If buyers retain the knowledge acquired during the time they used
full support then

will be insignificant (suggesting behavior does not change) or negative and significant

but with a very low value relative to

(suggesting the effects of full support do not dissipate entirely).

will measure differences in behavior between basic support customers who accessed full support in
the past and those who exclusively accessed basic support. If Hypothesis 2 holds, and customers’ prior
access to full support sets them apart from those who only used basic support, then

should be

positive and significant.
We model buyer size using the total number of employees at the firm. We use 3 different
variables for this: (1) a binary indicator that is turned on if the customer is above the median employment
, (2) a binary variable indicating if the customer is in the top 25th percentile of the
employment distribution (

), and (3) the log of the number of employees
. We only present the first variable in model below and use the

remaining two for robustness checks:
(2)
To test our third hypothesis, which argues that the benefits of full support will be stronger for
larger firms, we interact our employment measures with dummies for the adoption of and switch from full
support. If this hypothesis holds then the coefficient

should be positive and significant. Similarly, if as

per Hypothesis 4 larger customers are able to keep their service co-production costs lower than smaller
customers after the switch to basic support, then

should be positive and significant as well.

9

Our fixed effects model allows us to difference out unobserved time-invariant buyer-level
heterogeneity that may influence both the demand for support and for IT capacity. Like any difference-indifference model, our estimates rely on the identifying assumption that unobserved factors influencing IT
capacity demand change similarly for treatment and control groups over time. While in our baseline
model we use all firms who have not yet adopted full support as the control group, to explore the validity
of this assumption we also run our models using matched subsamples constructed using a coarsened exact
matching (CEM) procedure (Blackwell et al. 2010). Employing matching procedures reduces the
dependence of our estimates on our model specification and also reduces endogeneity concerns when
making causal inferences (Ho et al. 2007). As described in further detail below, we match firms based on
their intended use cases for the cloud service, industry, size, and service demand in the early periods of
the interactions with the service provider.
We further address the omitted variable bias concerns by employing dynamic panel data models
using GMM estimation procedures (Arellano and Bover 1995; Blundell and Bond 1998). This approach
allows us to overcome the limited availability of data that could be used to construct instruments for
buyer-specific time-varying factors by using lagged values of the dependent variable and the endogenous
regressors (and the lags of their first differences) as instruments. Additionally, the dynamic panel
framework, where lagged values of the dependent variable are used as regressors, allows us to control for
the fact that buyers IT capacity demands in prior periods may strongly influence their demand in the focal
period.

5

Data

We have collected a unique data set on cloud infrastructure services consumption from a major public
cloud provider. Our entire data set includes 68,107 customers that adopted the provider’s services at some
point between March 2009 and April 2012. Customers can freely choose if they rely only on the
provider’s basic support or if they pay additional fees to receive full support. They can also switch from
one type of support to another, and we observe when such switching occurs.
We exclude customers who consume very low levels of IT capacity or who do not change their
architecture configuration. These are customers who are using the cloud as a low cost (fixed capacity)
web hosting service (e.g., to host a small personal blog), and for whom the adoption of full support would
have no effect since they have no intentions of growing their IT capacity demand. A similar intuition was
already derived from our motivating model, where the lower-type customers (

̂) would not opt for
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full support.2 47,809 customers are dropped from the sample as a result of this procedure, though our
results are robust to their inclusion (these results are available upon request).
Among the remaining 20,298 customers in our baseline sample, 15,225 relied exclusively on
basic support, 3,816 relied exclusively on full support, and 1,257 accessed both types of support during
their observed lifetimes. The sample includes 293,661 customer-month observations. Table 1 provides
descriptive statistics of the time-varying parameters in our sample.
Table 1. Descriptive Statistics of Time-Varying Variables (Baseline sample, N=293,661)
Variable

Description
Average GB RAM /hour
Indicator
Indicator

Mean

Std. Dev.

7.49
1.36
0.13
0.02

28.63
1.00
0.34
0.15

Min

Max

0.00
0.00
0
0

1,653.00
7.41
1
1

, as a customer ’s average hourly consumption

We capture IT capacity demand,
3

during month measured in GB RAM/hour. Our measure reflects the standard way cloud infrastructure
providers price their services: hourly rates that increase in server capacity.
In addition to time-varying data on each buyer’s usage of the cloud service, we have also
collected data from an optional survey administered to buyers upon signup. The survey was first
administered in June 2010, and we have all buyers’ responses until February 2012. We use 3 of the items
in the survey: their firms’ total employment, their intended use case for the cloud infrastructure service,
and their industry. We describe the employment data here, and defer description of the latter two items for
when we discuss the development of the matched subsamples. We have not considered firm attributes in
the survey as controls in our models since they do not vary over time and thus would be absorbed by the
customer fixed effect.
In terms of employment, since a customer could have responded to the survey more than once, we
only consider buyers that either have a single survey response (that is not “I don’t know”) or that have
consistent responses across all their submissions. This leaves us with unique responses for 5,277
customers in the baseline sample. The survey asks customers to indicate their range of employment; we
2

Specifically, we exclude customers who (1) only accessed basic support and (2) averaged 512 MB RAM/hour or
less during their first 6 months (excluding 1st month) or (3) had no scaling activity during their first 6 months
(excluding 1st month). A scaling activity is any launching, halting, or resizing of a server in the customers’ cloud
infrastructure. We do not consider their behavior during their 1 st month in our threshold because most customers are
setting up their infrastructure during this time.
3
For example,
means that customer used, on average, a set of servers with a combined
capacity of 2.25 GB RAM during month 3. This could be two 1 GB RAM servers and a 256 MB RAM server, or 9
servers, each with 256 MB of RAM.
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convert the survey’s ranges to numerical values by taking the mean value of each range (e.g., we convert
“From 51 to 100” to 75). Descriptive statistics are shown in Table 2.
Table 2. Descriptive Statistics of Employee Count-related Variables (N=5,277)
Variable

6
6.1

Description

Mean

Std. Dev.

Min

Max

Number of employees
Indicator = 1 if above median, 0 otherwise
Indicator = 1 if in top 25th percentile, 0 otherwise.

204.81
0.56
0.22
2.43

1,127.64
0.50
0.42
1.73

2
0
0
1.10

10,000
1
1
9.21

Results
Effects of Adoption of Full Support on Capacity

We present the results for Model (1) in Column (1) of Table 3. Consistent with Hypothesis 1, the results
indicate that customers who adopt and use full support consume, on average, 137% (i.e.,

)

more IT capacity than customers who use basic support. Also, the test that the sum of the coefficients for
and

in Column (1) of Table 3 are different from zero is statistically

significant at the 1% level, indicating that even after buyers have switched from full to basic support, they
continue consuming, on average, 105% (i.e.,

) more capacity than customers who never

accessed full support. This result provides support for our second hypothesis that suggests that customers
retain and use the knowledge acquired during the time they accessed full support, and the positive effects
of technical support on IT capacity demand are durable.
These findings are economically significant for the service provider, as can be seen by computing
their implications for average (monthly) revenue per user (ARPU)4 as follows. While a buyer consuming
IT capacity at the median of the distribution generates an ARPU of $64.60, buyers who opt for full
support generate an ARPU of $153.00. Moreover, buyers who switch to basic support continue
contributing an ARPU of $132.55. Considering the tens of thousands of firms using cloud infrastructure
services, offering full support to buyers has significant revenue implications for the provider.

4

During our sample period, Amazon Web Services’ Elastic Compute Cloud (EC2), the public IaaS with the largest
market share and thus with the dominant price-setting position, offered small 1.7 GB RAM servers at $0.08/hour
and medium 3.75 GB RAM servers at $0.16/hour (source: aws.amazon.com). Based on these rates, we compute the
mid-point price for 1 GB RAM server/hour, our measurement unit for
, and set the market price ( ) of 1
GB RAM/hour of IT capacity at $0.045. The median
in our data is 2 GB RAM/hour, and we multiply it
by 720 to get a median monthly IT capacity usage of 1,440 GB RAM hours. We do not use the mean
because of the strong positive skew of its distribution. With this we estimate median ARPU at $64.60, and then
multiply it by corresponding marginal effects.
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Table 3. Baseline Results for Tests of Hypotheses 1 and 2
Column

(1)

(2)

(3)

(4)

Sample

Baseline

CEM1

CEM2

CEM3

Model

0.9712***
(0.0642)
-0.1782***
(0.0338)

0.8351***
(0.0777)
-0.2051***
(0.0507)

(6)

(7)

0.8835***
(0.0726)
-0.2319***
(0.0809)

(8)

Baseline
Basic Model with
Falsification Tests

Basic Model
0.8622***
(0.0337)
-0.1435***
(0.0149)

(5)

0.9032***
(0.0374)
-0.1442***
(0.0149)
0.1496***
(0.0255)

0.9282***
(0.0405)
-0.1446***
(0.0149)

Dynamic Panel
FE

GMM

0.2898***
(0.0046)
-0.0536***
(0.0045)

0.0381***
(0.0099)
-0.0080
(0.0060)

1.0415***
(0.0331)
-0.1172***
(0.0376)
0.0616***
(0.0071)
-0.0226
(0.0246)
234,089

0.1416***
(0.0281)

Constant

-3.1271***
(0.0739)

-2.7667*** -3.0337*** -1.8308*** -3.1369*** -3.1376***
(0.3295) (0.4442) (0.4412) (0.0739) (0.0740)

0.9432***
(0.0021)
-0.1834***
(0.0027)
0.0318***
(0.0019)
0.2221***
(0.0198)

N
R2
Customers

293,661
0.239
20,298

45,246
0.300
3,434

234,089
0.747
18,488

15,065
0.342
1,188

24,745
0.348
1,563

293,661
0.240
20,298

293,661
0.240
20,298

18,488

Dependent variable is
. All regressions include calendar ( ) and lifetime time dummies ( ).Robust
standard errors, clustered on customers, in parentheses. *
, **
, ***
. The GMM
estimation in column (8) considers
and
as endogenous. Given AR(2) in the errors, it
uses the 3rd lag of
,
and
as their instruments for the difference
equation, and uses the 2nd lag of the 3 variables’ first difference as instruments for the levels equation. Total number of
instruments is 216. Hansen (1982) specification test passed with
. Robust standard
errors use Windmeijer’s (2005) finite sample correction.

We also run Model (1) on matched subsamples defined using a coarsened exact matching (CEM)
procedure (Blackwell et al. 2010; Iacus et al. 2012). We consider customers who adopted full support at
any point in their lifetimes as treated, and those that relied exclusively on basic support as controls. As the
extensive literature in matching points out, one goal of matching treated and control firms is to reduce
endogeneity concerns (Ho et al. 2007). CEM has been used extensively in recent work to improve the
identification of appropriate control groups in difference-in-difference estimation (e.g., Azoulay et al.
2011; Azoulay et al. 2010; Furman et al. 2012).
The main idea behind CEM is to temporarily coarsen each matching parameter into meaningful
groups (e.g., ranges of IT capacity usage), generate an exact match on the coarsened data, and then retain
the original (un-coarsened) values of the matched data (Blackwell et al. 2010). CEM is particularly
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convenient for our setting because it is a nonparametric procedure that does not require the estimation of
propensity scores. This is useful because we have limited data that would allow us to directly predict the
likelihood of full support. Each unique vector formed by combinations of the coarsened covariates
describes a stratum, such that each firm is assigned to a unique stratum, and only observations in strata
where there are at least one treated and one control firm are retained and used in posterior analysis. Since
the number of treated and control observations in each strata may be different, observations are weighted
according to the size of their strata (Iacus et al. 2012). When exact matching is possible, such that for
every treated observation there is a control observation identical to the first one across all possible
covariates except for the treatment, a simple difference in means of the dependent variables would
provide an estimate of the causal effect of interest. Nonetheless, since it is nearly impossible to use exact
matching in observational data and thus there is always a concern about the influence of omitted
variables, we continue using our fixed effects data panel model to control for them.
We match customers based on 4 attributes: (1) their level of IT capacity usage during their first 6
months (excluding the 1st month), (2) their level of scaling activity (i.e., how often they adjust their level
of IT capacity usage) during their first 6 months (excluding the 1st month), (3) their intended use case for
the cloud infrastructure service, and (4) their employment. The first 3 characterize the firms’ business
needs and service demand characteristics, while employment is associated with their IT capabilities. We
discuss each in turn.
To create our baseline sample, we had already discarded basic support users with very small and
rather static deployments. Nonetheless, even among the remaining customers there is considerable
variation in IT capacity usage and scaling activity. In particular, the presence of strong outliers in terms of
average IT capacity usage and scaling activity at the higher end of the spectrum prevents us from relying
on automated coarsening algorithms that attempt to create equally-spaced cutoff points; doing so would
group customers into few strata while leave many strata empty. Given this feature of our data, we employ
our own manual cutoff points that make better use of the variation at the lower end of the distribution. For
average IT capacity usage, we set our cutoff points at standard server sizes: 1GB, 2GB, 4GB, 8GB,
16GB, and 32GB. For scaling activity we base our cutoff points on percentiles of the distribution: the 25th
percentile is a single change to the size of the deployment, the 50th percentile is 3 changes, the 75th
percentile is 8 changes, and the 95th percentile is 40 changes.
The intended use case and the employment data are both collected from the signup survey
administered by the provider to its customers. The intended use case is collected by a multiple choice
question (i.e., “Mark all that apply”) that asked customers to “Please indicate what solution(s) you intend
to use [the cloud infrastructure service] for.” The 20 options available to customers are very specific, and
finding matches across such specific use cases would be extremely hard. Instead, we group the specific
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use cases into 3 more general use cases based on two dimensions: if the use case is related to back office
or front office applications, and, in the latter case, if it is likely that the IT capacity demand for the use
case is predictable or not. Our first general use case, which we call “Back Office Applications”, includes
use cases associated with applications or systems used internally for business operations. Examples are a
company’s intranet and systems used for accounting, customer relationship management, human
resources, supply chain management, or backup. Our second general use case, “Low Demand
Uncertainty”, includes customer-facing websites used for regular operation of the firm that have steady or
at least predictable IT capacity demands. Examples are corporate websites, collaboration platforms,
online portals, and e-commerce sites. We chose to include e-commerce sites in this general use case since,
although it may have a high variance, seasonality makes the peaks and valleys of the demand fairly
predictable. Finally, our “High Demand Uncertainty” general use case includes customer-facing websites
that are prone to unpredictable variance in their IT capacity demand. Examples of such use cases are
social media sites, online gaming sites, online publishing sites, rich media sites (e.g., audio or video), and
other SaaS offerings. We additionally consider web hosting services and running test and development
environments as additional general use cases. Altogether, we have 5 general use cases.
For the employment cutoff points, we broadly rely on the ranges used in the survey. Among the
customers with consistent survey responses across all their accounts, 65% indicated they have 10 or fewer
employees, so we use 10 as our first cutoff point. Another 20% indicated they have between 11 and 50
employees, making this our next cutoff point. We subdivide the remaining 15% of customers in three bins
each accounting for roughly 5% of our sample: from 51 to 100, from 101 to 250, and greater than 250.
The above exercise leaves us with a sample of only 5,040 customers, of which 1,213 are treated
and 3,827 are potential controls. Through the CEM process we are able to match 1,016 treated buyers to
2,418 controls, forming a subsample of 3,434 matched customers. We denote this sample as CEM1 and
present the results of Model (1) using this subsample in column (2) of Table 3. The results are not only
consistent with our prior results using the baseline sample in column (1), but actually are slightly more
economically significant. The coefficients suggest that the adoption and continued access to full support
increases customers’ IT capacity usage by 164% (i.e.,
support, former full support customers still consume 121% (i.e.,

) and that, after switching to basic
) more IT capacity

compared to customers who never used full support. As before, the test that the sum of the coefficients for
and

is different from zero is statistically significant at the 1% level.

As an additional check, we now incorporate an additional question on customer industries in the
survey to make an even more stringent match of treated customers to controls. Although the survey item
does not follow any standard industry categorization (e.g., NAICS or SIC codes), it does provide
information on buyers’ broad industries. Among the 5,040 customers in our CEM sample, the most
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popular industries are IT services (15.75%), web development or design (11.11%), software (10.67%), ecommerce (9.01%), consulting (5.60%), Software-as-a-Service (SaaS) (5.32%), advertising (5.56%), and
entertainment (3.75%). With this additional matching criterion, the CEM process matches 479 treated
buyers to 709 controls, forming a subsample with 1,188 buyers that we denote as CEM2. The results with
this new subsample are presented in column (5) of Table 3 and are consistent with prior results.
As a final matched sample analysis, we only consider treated customers who started using the
cloud service with basic support and upgraded to full support later on. This allows us to match the
upgraders to controls based on their usage behavior before they adopted full support, had the controls
adopted full support in the same month of their lifetime interactions with the provider. This approach,
which is similar to that implemented by Azoulay et al. (2010) and by Singh and Agrawal (2011), ensures
treated firms do not exhibit differential demand for the service before they adopt full support relative to
controls. We use as matching criteria the buyers’ average IT capacity usage and their level of scaling
activity from the 2nd month in their lifetimes (because of the abnormal setup-related behavior in their 1st
months) until the month right before they adopted full support (again had the controls adopted full
support at the same time as the treated firms). For simplicity and consistency, we employ the same
coarsening cutoff points for IT capacity and scaling activity described above. We additionally consider
the buyers’ intended general use cases and employment as before. This final CEM procedure finds 1,331
appropriate controls for 205 upgrading (treated) customers, forming a subsample of 1,536 customers
which we denote as CEM3. The results of Model (1) using the CEM3 subsample are presented in column
(4) of Table 3, and are similar to those attained before.
6.2
6.2.1

Robustness Checks
Falsification Tests
Our use of the matching procedures described above increases confidence in our identifying

assumption that there do not exist unobserved time-varying factors that differentially affect capacity
demand for our treatment and control groups. However, in this section we further probe concerns of
omitted variable bias and simultaneity through a series of robustness checks. We first perform a
falsification test to verify if there is any significant change in customer behavior in the months
immediately preceding the adoption of full support. We examine whether customers’ behavior before the
adoption of full support is similar among customers who will adopt full support and those that will
continue using basic support. For this, we add 2 variables to Model (1). Parameters

and

are dummy variables equal to 1 in the 2 and 4 months (respectively) immediately before
the adoption of full support. Thus, for example, if a customer adopts full support in
for

, and is equal to

, then

otherwise.
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We present our results with these new parameters in columns (5) and (6) of Table 3. We find that
customers tend to consume between 15% (i.e.,

) and 16% (i.e.,

) more IT capacity

in the months preceding the adoption of full support. These coefficients are positive and significant.
However, their magnitude is much lower compared to the magnitude of the coefficient for
, which indicates the change in behavior once full support is adopted. Thus, it is unlikely
that our results solely reflect changing unobservables that influence both capacity demand and full
support, such as a previously planned increase in capacity. However, to address these concerns further, in
the next section we conduct a dynamic panel data analysis.
6.2.2

Dynamic Panel Estimation and Endogenous Adoption and Switching Decisions

Another concern is that there may be persistence in the demand for IT capacity. We first address this
concern by including lagged values of the dependent variable as a regressor and estimate the model using
standard fixed effects. The model has the following form:
∑

(3)

We ran this fixed effects model using varying number of lags for the dependent variable (i.e.,
), and attained qualitatively similar results. For reasons that will be explained below, we only
present the results using 3 lags (

) of

in column (7) of Table 3. We confirm our

suspicion that the current value of the variable is strongly influenced by its past values; this is reflected in
the large size and statistical significance for the lagged dependent variables. Nonetheless, even after
controlling for this, we find that the IT capacity usage still increases 34% (i.e.,
adoption of and continued access to full support (
of switching from full to basic support (

) with the

). Furthermore, with respect to the effects
), we also find that IT capacity usage only

decreases marginally. Former full support customers continue consuming 27% (i.e.,

)

more capacity compared to basic support customers who never used full support; the test that the sum of
the corresponding coefficients is different from zero is statistically significant at the 1% level. While the
magnitudes of the coefficients in column (7) are much lower than those in our basic model in column (1)
of Table 3, the signs and statistical significance of the parameters of interest continue to hold and support
Hypotheses 1 and 2.
The fixed effect Model (3) will suffer from dynamic panel bias: it fails the strict exogeneity
assumption necessary for consistent estimates in fixed effects models (Nickell 1981; Roodman 2009a).
Although this bias decreases in the number of periods (Nickell 1981), and we have a long panel with
, the bias remains a concern. A solution to this issue involves using the System GMM and
Difference GMM approaches that have evolved from the work of Anderson and Hsiao (1981), Arellano
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and Bond (1991), Arellano and Bover (1995) and Blundell and Bond (1998), and have seen increasing use
in applied work in the management literature (e.g., Archak et al. 2011; Ghose 2009). This approach has
the added benefit that it allows us to treat

and

as endogenous and use

their lagged values and differences as instruments. We employ System GMM (Arellano and Bover 1995;
Blundell and Bond 1998) in conjunction with the finite-sample correction proposed by Windmeijer
(2005).
We first select the appropriate number of lags of the dependent variable to be included as
regressors ( ). Following a process similar to that executed by Chen et al. (2013), we selected the number
of lags by first choosing a number of lags that is consistent with our phenomena of interest and then test
for serial correlation in the errors and the validity of the overidentifying restrictions. We chose to use 4
based on the provider’s belief that it takes customers about 4 months to stabilize

lags of

their behavior. In our first run, using all available instruments (from the 2nd lag to the end of the panel),
the Arellano and Bond (1991) serial correlation test indicated that we do not only have the expected 1st
order serial correlation but also have 2nd order serial correlation. As a result, we assume our errors follow
, where | |

a MA(1) process in which

and [

]

. Given this, we cannot use

the 2 lag of the variables as instruments for the difference equation (since [
nd

where

is the first difference of

equation (since [

]

,

st

) nor the 1 lag of their first difference as instruments for the levels
]

, where

is the first difference of the

). Nonetheless, we can still rely on the variables’ 3rd and posterior lags and on the 2nd lag of
their first difference as instruments (Cameron and Trivedi 2010). That is, we make the identification
assumptions that [

]

[

]

. After this consideration, our

model becomes
∑

(4)

We ran model (4) using all available 1,135 instruments (from the 3rd lag to the end of the panel).
We confirmed we still have 2nd order serial correlation but do not have 3rd or posterior order serial
correlation. We then used the Hansen (1982) J test to test the validity of our overidentifying restrictions.
We passed the Hansen J test with
fewer lags of

. We then checked if we could use

as regressors, and found that we could still pass the serial correlation test

(with no 3rd or posterior order serial correlation) and the Hansen J test (with
) if we used only 3 lags.
The second estimation decision to make is selecting an appropriate number of instruments to
avoid the problem of over fitting the model with too many instruments (Roodman 2009b). We gradually
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reduced the number of lags used as instruments until we found the least number of instruments under
which we still passed the instrument validity Hansen J test. We found that we can limit our model to the
use of the 3rd lag of all 3 endogenous variables (

,

and

) as

instruments for the difference equation. We also use the 2 lag of the 3 variables’ first difference as
nd

instruments for the levels equation. When using such specification, we pass the Hansen J test with
. Overall, we reduced the total number of instruments from 1,142 to 216.
The results for this System GMM specification are reported in column (8) of Table 3. As in
column (7), we find that the values of

are strongly influenced by its prior values. In this

model, while the magnitude of the coefficient from

is reduced, it is still positive and

significant (p-value = 0.000), which matches what was expected per Hypothesis 1. The coefficient of
is no longer significant (p-value = 0.182), which is different from our prior results.
Nonetheless, rather than contradicting Hypothesis 2, this result provides stronger support for the
hypothesis that basic support customers who accessed full support in the past demand more IT capacity
than those who never accessed full support.
6.3

How do Firm Size and Full Support Interact to Shape Demand?
Our results that test Hypotheses 3 and 4 are presented in Table 4. Column (1) of Table 4 presents

coefficients nearly identical to those in Column (1) of Table 3, suggesting the subsample of customers
who responded to the survey is not distinct from our broader baseline sample. Next, we examine the
interaction effects. The interpretation of the coefficients of the interactions with the dummy variables
and
effects of the interactions with
(

is straightforward, but in order to better understand the
, we evaluate the percentage changes in IT capacity

) due to turning the support choice dummies on at different levels of

,

which we present in Table 5. While all models use the complete baseline sample used in Table 3, as a
robustness check we have also re-estimated Model (2) after applying the CEM procedure on this
subsample of survey respondents, with consistent findings.
The results provide strong support for both hypotheses. The tests that the sums of all
corresponding coefficients in the analysis here are different from zero are statistically significant at the
1% level. We base our first analysis on columns (2) and (3) of Table 4. We find that while large firms
increase their IT capacity demands between 174% (i.e.,

) and 197% (i.e.,

) upon adoption of full support, smaller ones only increase their demand between 74%
(i.e.,

) and 118% (i.e.,

). Using our continuous measure of employment, columns

(1) and (3) of Table 5 also show that larger firms increase their capacity by 161% while smaller ones only
do so by 98%. In short, the coefficient estimates in Table 4 show strong support for Hypothesis 3.
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Similarly, again based on Table 4, while large former full support customers continue consuming between
145% and 180% after they have switched to basic support relative to pure basic support users, small firms
only consume between 37% and 79% more. Results in Table 5 show a similar difference between large
and small firms using continuous measures of employment. Together, the results provide strong support
for Hypothesis 4.
Using the results in Column (2) of Table 4, we estimate how the increase in contributed ARPU
due to the adoption and usage of full support varies with firm size, relative to a buyer at median IT
capacity consumption level (see footnote 4). We estimate that while large firms increase their ARPU from
$64.60 to $177.16, small firms only increase their ARPU to $112.43. Similarly, regarding their ARPU
after they switch to basic support, we estimate that large firms have an ARPU of $158.15, which is very
high relative to that of small firms who switch, $88.65, and to that of the median buyer, $64.60.
In sum, we find strong evidence of complementarity effects between firm size and the external
knowledge made available to them by the provider.

Table 4. Are the results of full support stronger for large firms?
Column

(1)

(2)

(3)

(4)

0.8825***
(0.0540)
-0.1558***
(0.0279)

0.5541***
(0.0767)
-0.2376***
(0.0462)
0.4547***
(0.1012)
0.1241**
(0.0519)

0.7798***
(0.0588)
-0.1968***
(0.0332)

0.6281***
(0.0878)
-0.2598***
(0.0454)

0.3074**
(0.1296)
0.1408***
(0.0459)

Constant

-3.5448***
(0.3602)

-3.5434***
(0.3565)

-3.5501***
(0.3580)

0.0796***
(0.0270)
0.0378***
(0.0116)
-3.5515***
(0.3567)

N
R2
Customers

71,478
0.293
5,277

71,478
0.297
5,277

71478
0.295
5,277

7,1478
0.296
5,277

Dependent variable is
. All regressions include calendar ( ) and lifetime time dummies ( ).
Robust standard errors, clustered on customers, in parentheses. *
, **
, ***
.
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Table 5. Changes in IT Capacity Demand from Adopting and Switching from
Full Support at Different Levels of Firm Size
Column

(1)

Fixed level of

b

(2)
̅

̅
98.22
-20.86
56.87

(3)

127.40
-20.45
80.90

̅
160.87
-20.03
108.61

Since
, per model (3), the percentage change in
is
given by
.
b ̅ and
denote the sample mean and standard deviation of
, respectively.
Results are based on column (4) of Table 4 and are expressed in percent change.
a

7

Exploration of Underlying Knowledge Transfer Mechanisms

As mentioned in the presentation of our motivating analytical model, our fundamental assumption is that
buyers who opt for full support enjoy a higher co-production output elasticity than those who opt for basic
support,

. Moreover, adopters of full support continue enjoying benefits after switching to basic

support because of the knowledge transferred to them. In this section we test if, in accordance with this
assumption, customers make better use of the service as a result of having access to full support.
An advantage of cloud infrastructure services is that we can partially observe

via certain

attributes of customers’ deployments. One such proxy is the complexity of a buyer’s deployments that
serves to assess how proficient a customer is in making use of the service. In general, if full support helps
customers co-produce better service outputs, then we should expect that full support customers employ
architectures with greater levels of complexity. We explain this assertion and offer a test of it in the
discussion below.
Although the on-demand nature of the service along with its rapid elasticity provides firms the
opportunity to reduce idle computing capacity waste and eliminate the necessity of an up-front capital
commitment in overprovisioning resources (Armbrust et al. 2009; Harms and Yamartino 2010), doing so
requires firms to scale their capacity in a cost-efficient manner. There are essentially two ways of growing
an IT infrastructure: vertically, or up, and horizontally, or out (Garcia et al. 2008; Michael et al. 2007;
Reese 2009, p. 176). Scaling vertically implies increasing the capacity of a server or spreading out the IT
stack across several servers, in either case having at most one server per function. While this approach is
easy to implement, growth in vertical scaling is capped by the maximum server capacity available. In
contrast, under horizontal scaling several servers perform functions in parallel and this scaling method
offers virtually unlimited growth potential. Users may prefer to scale horizontally for other reasons. Given
the relatively high likelihood of a commodity cloud server failing, an IT infrastructure architecture
designed for cloud environments will optimally have its workloads distributed across several nodes, rather
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than all concentrated in a single node (Reese 2009). However, despite its advantages, horizontal scaling
also presents challenges associated with load balancing and session management across servers, among
others (Casalicchio and Colajanni 2000; Cherkasova 2000). Having more servers, and thus more moving
parts, will increase the complexity of the architecture and at the same time signal a better use of the
service. As a result of these increased efficiencies and complexity, we use horizontal scaling as a measure
that proxies for a customer’s skill at using cloud computing; in the context of our model, evidence of
increased horizontal scaling under full support provides additional evidence of our assumption that

Our analysis of the complexity of customer deployments is based on an automated analysis of the
names given by customers to their servers. We develop an algorithm that compares the names of the
servers being run by each customer at the end of every day during our sample and check if we find servers
with names very similar to each other.5 Our assumption is that we can identify a horizontally scalable
architecture (i.e., an architecture with high complexity) if we find two or more servers with very similar
names, given that they will very likely be performing the same function in parallel (e.g.,
web1.domain.com and web2.domain.com). We measure the presence of any such pair of servers with

similar names during month in customer ’s infrastructure with a new indicator variable,
which is equal to 1if similar server names are found and is

,

otherwise. The indicator has a mean value of

0.23 and a standard deviation of 0.42.
We run the exact same regressions used for Models (1) and (2) but substitute

for

as the dependent variable. Overall, our results are consistent with respect to what we found
before when using the IT service demand dependent variable, providing additional evidence that full
support enables customers to use the cloud more effectively.
Columns (1) through (6) of Table 6 show that customers who have adopted and continue having
access to full support are 19.74 to 21.78 percentage points more likely to use complex, horizontally
scalable architectures than basic support users. Further, the results also indicate that former full support
customers are only 2.71 to 4.40 percentage points less likely to employ highly complex architectures after
they switch to basic support. Also, the test that the sum of the coefficients for

and

is different from zero is also statistically significant at the 1% level. A very important
nuance of how the service is offered makes this result more meaningful: if buyers desire to continue
running the same set of applications under the new support regime, they must redeploy their entire

5

Specifically, we consider two server names to be similar to each other if they have a Levenshtein Distance
(Levenshtein 1966) that is less or equal to two, meaning that one server’s name can be made equal to the other by
editing (inserting, deleting or substituting) 2 letters or less.
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infrastructure on their own. Therefore, if they continue using a horizontally scalable deployment after
having switched to basic support, it must be the case that they set it up entirely on their own, and in
general we find that basic support customers who accessed full support in the past continue employing
configurations with a greater complexity than customers who exclusively relied on basic support.
Together, these results are consistent with our model assumptions that consumers learn from the provider
through full support.
Table 6. Results for Tests of Effects of Full Support on Architecture Complexity
Column

(1)

(2)

(3)

(4)

Sample

Baseline

CEM1

CEM2

CEM3

Model

0.2168***
(0.0281)
-0.0240*
(0.0135)

0.2009***
(0.0366)
-0.0440**
(0.0213)

(6)

0.2049***
(0.0310)
-0.0479
(0.0362)

(7)

(8)

Baseline
Basic Model with
Falsification Tests

Basic Model
0.1974***
(0.0138)
-0.0271***
(0.0062)

(5)

0.2093***
(0.0153)
-0.0273***
(0.0062)
0.0434***
(0.0104)

0.2178***
(0.0164)
-0.0275***
(0.0062)

Dynamic Panel
FE

GMM

0.0993***
(0.0036)
-0.0157***
(0.0036)

0.0168***
(0.0052)
-0.0066*
(0.0036)

0.7577***
(0.0562)
0.0731
(0.0454)
0.0139
(0.0357)
0.0671**
(0.0309)
-0.0133
(0.0251)
215,601

0.0436***
(0.0110)

Constant

-3.1271***
(0.0739)

-0.5233***
(0.1270)

-0.2408
(0.2479)

-0.7011***
(0.1488)

-0.7316***
(0.0433)

-0.7320***
(0.0433)

0.6034***
(0.0022)
0.0367***
(0.0025)
0.0121***
(0.0024)
-0.0078***
(0.0020)
0.0826***
(0.0153)

N
R2
Customers

293,661
0.239
20,298

45,246
0.058
3,434

15,065
0.087
1,188

24,745
0.069
1,563

293,661
0.028
20,298

293,661
0.028
20,298

215,601
0.424
17,561

17,561

Dependent variable is
. All regressions include calendar ( ) and lifetime time dummies ( ).Robust
standard errors, clustered on customers, in parentheses. *
, **
, ***
. The GMM
estimation in column (8) considers
and
as endogenous. Given AR(2) in the errors, it
uses the 3rd lag of
, the 3rd through 7th lags of
, and the 3rd through 12th lags of
as instruments for the difference equation. It also uses the 2nd lag of the 3 variables’ first difference as
instruments for the levels equation. Total number of instruments is 387. Hansen (1982) specification test passed with
. Robust standard errors use Windmeijer’s (2005) finite sample correction.
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As before, we implement a dynamic panel data model using GMM estimation. We again begin by
using 4 lags of the dependent variable as regressors. Using all available instruments, the Arellano and
Bond (1991) test also found 2nd order serial correlation, so we must again rely on the 3rd or later lags of
the variables’ values and the 3rd lag of their first difference as instruments. The smallest number of lags of
we can include in our regression is 4. In terms of instruments, the specification with the
smallest numbers of instruments employs the 3rd lag of

, the 3rd through 7th lags of

, and the 3rd through 12th lags of

as instruments for the difference

equation. We also use the 3 lag of the 3 variables’ first difference as instruments for the levels equation.
rd

With this specification we pass the Hansen (1982) instrument validity test with
. Our total number of instruments is 387. We report our results for this model in column (8) of
Table 6. Despite adding the lagged dependent variable, we still find that the adoption and continued
access to full support increases the likelihood of using horizontal scaling by 1.68 percentage points. This
likelihood only decreases marginally (0.66 percentage points, and only significant at the 10% level) when
customers switch to basic support. Thus, we continue finding support for the hypothesized effects of full
support.
Table 7. Are the results of full support on architecture complexity stronger for large firms?
Column

(1)
0.2104***
(0.0232)
-0.0181
(0.0128)

(2)
0.1151***
(0.0370)
-0.0391**
(0.0184)
0.1320***
(0.0460)
0.0321
(0.0226)

(3)

(4)

0.1803***
(0.0269)
-0.0366***
(0.0130)

0.1187***
(0.0384)
-0.0623***
(0.0187)

0.0897*
(0.0499)
0.0628**
(0.0262)

Constant

-0.9160***
(0.1214)

-0.9156***
(0.1205)

-0.9177***
(0.1202)

0.0287***
(0.0110)
0.0160***
(0.0060)
-0.9187***
(0.1200)

N
R2
Customers

71,478
0.050
5,277

71,478
0.052
5,277

71,478
0.052
5,277

7,1478
0.052
5,277

Dependent variable is
. All regressions include calendar ( ) and lifetime time dummies ( ).
Robust standard errors, clustered on customers, in parentheses. *
, **
, ***
.
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Table 8. Changes in Likelihood of Employing Horizontally Scalable Architectures from
Adopting and Switching from Managed Support at Different Levels of Firm Size
Column
Fixed level of

(1)
a

(2)
̅

̅
98.22
-20.86
56.87

127.40
-20.45
80.90

(3)
̅
160.87
-20.03
108.61

̅ and
denote the sample mean and standard deviation of
, respectively. Results are
based on column (4) of Table 7 and are expressed in changes in percentage points.
a

We now turn to the role of firm size in moderating how full support influences customers’
architecture complexity. We report the regression results in Table 7 and compute the percentage changes
in the likelihood of employing a horizontally scalable deployment at different levels of
in Table 8. While larger firms that adopt full support increase their likelihood of using horizontal scaling
methods by 23.80 to 27.00 percentage points, smaller firms only do so by 11.51 to 18.03 percentage
points. That is, the increase due to the adoption of full support is about twice as much for larger firms than
for smaller ones. Finally, and very interestingly, we find that while larger firms (on average) are able to
continue using the same level of complexity in their architectures, smaller firms practically completely
loose this capability. Post-switch to basic, large former full support customers continue being between
23.80 and 29.62 percentage point more likely to employ horizontal scaling than basic support customers.
In contrast, small former full support customers are only between 7.6 and 14.37 percentage points more
likely to do so. This suggests that larger firms are much more capable of retaining and not forgetting what
they have learned from the provider.

8

Conclusion

Using a unique and rich nano-data set on public cloud infrastructure services consumption by 20,298
firms over the period from March 2009 to April 2012, our study is the first to examine how a provider’s
technical support influences buyer demand for its services. We examine how a buyer’s access to support
influences its usage of on-demand IT infrastructure. We also explore the underlying mechanisms behind
the positive relationship between technical support and the service’s demand, studying whether the value
of the knowledge transferred from the provider to the customer is durable. Taking advantage of the nearcommodity nature of the cloud, we provide evidence that technical support increases buyers’ productivity
via co-production, thereby increasing the demand for the provider’s service.
Our estimates of the positive impact of offering technical support are economically significant.
Buyers who adopt and access full support, consume, on average, 137% more IT capacity than those who
only access basic support. We also find evidence that customers who switch from full to basic support
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continue consuming an average of 105% more IT capacity than customers who only had access to basic
support throughout our entire sample period. These findings directly impact the provider’s topline
performance. While a buyer consuming IT capacity at the median of the capacity distribution generates an
ARPU of $64.60, buyers who opt for full support generate an ARPU of $153.00 and buyers who switch to
basic support continue contributing an ARPU of $132.55.
Our results also indicate that customers internalize and retain most of what they have learned
from the provider: in other words, the effects of knowledge transfer on service demand are durable. We
find strong evidence that larger firms are most responsive to the provider’s technical support; their
increases in IT capacity demand after adopting full support are more than twice that of smaller firms.
These finding are particularly interesting since, although inter-organizational knowledge transfers have
been studied in a variety of other contexts, much less is known regarding the durability of such
knowledge transfers once the organizations limit or cease their interactions. Thus, our work not only
shows that the effects of knowledge transfer are durable, but also that complementarities between external
and internal knowledge sources are retained. Altogether our findings suggest that offering technical
support is an effective differentiation strategy when offering commodity-like IT services.
Our research has broader implications for business analytics and operations for service-oriented
technology industries such as cloud computing. Cloud computing democratizes IT infrastructures and
allows small firms to have access to computing infrastructures previously available only to larger ones
(Varian 2011). A byproduct of this is that the cloud context offers a unique opportunity to examine the IT
investment of small startups who, given their low levels of IT spending, have not adequately been
captured by traditional data sources and so have not been frequently studied. In our research, we observe
nano-data on the actual usage of an IT service by tens of thousands of very small firms (i.e., less than
$1M in revenue and less than 100 employees).
On the other hand, the democratization of IT also implies that cloud services providers face the
complex challenge of offering a service amenable to a wide variety of use cases and business needs for a
very heterogeneous customer base (Venters and Whitley 2012). Moreover, the self-service nature of the
service induces uncertainty in service outcomes, which strongly depend on customers’ traditionally
unknown capabilities in co-producing the service (Chase 1978). Our work with a provider’s business
analytics team has aimed to help them deal with these challenges by showing them how they can exploit
their detailed records of customers’ behavior to rigorously and cost effectively examine their managerial
decisions’ impact on customers’ behavior and, in turn, on their own internal operations. We believe our
approach can be applied by providers with similar data sets in a wide array of B2B self-service
technologies that pose knowledge barriers to adopters. In particular, we have shown that technical support
has the potential to increase demand for IaaS and to help users make use of advanced cloud features,
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enabling them to overcome the knowledge barriers that have engendered the slow rates of cloud adoption
we see today.
Our findings point to several opportunities for future research. We plan to explore in depth the
underlying knowledge transfer mechanisms by taking advantage of nano-data from the provider to
measure the value of its different Internet-based knowledge exchange channels—tickets and chats—and
their interactions. Another fruitful research area will be to explore the role of other parties (e.g., thirdparty service providers) in the cloud computing ecosystem. Finally, from the provider’s perspective, there
are abundant opportunities to measure how changes in service contract terms impact buyer behavior and
provider revenue.
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