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1. Introduction
IT adoption and its effect on the economy are so prevalent that some authors talk about a
revolution which is larger than electricity (Jovanovic and Rousseau 2005). Even though the
days of the Solow Paradox, when the pure existence of productivity increase through IT usage was
questioned, are past, observed performance differences in IT adoption still remain largely

unanswered.
We assess flows of IT-experienced workers between firms as one possibly important driver of
performance differences in IT adoption. Transfer of experienced workers between firms is
usually believed to have positive effects due to knowledge spillovers. Our core question is
therefore whether a firm can learn through its new employees from other firms’ IT
experiences to improve IT performance? Or in other words: does hiring employees with IT
experience make a difference in IT performance?
We try to find answers for this question in the empirical setting of enterprise resource
planning (ERP) software adoption. ERP adoption is interesting in the context of
organizational change and IT adoption as the implementation of ERP systems has a decisive
impact on business processes and structures and thereby on employees. More specifically, we
focus on one specific type of ERP systems: customer relationship management (CRM)
systems.
We extend a classic Cobb-Douglas production function with lagged ERP adoption, an ERP
experience measure of newly hired employees, and an interaction term of the two. When
estimating the production function, we are especially interested in the interaction term, as this
term tells us whether firms that have adopted an ERP system and have hired a high proportion
of workers with prior IT experience are more successful.
Our unique data set stems from three sources. First, US data on ERP adoption is provided by
Harte Hanks and has been widely used in IT productivity research (e.g. by Brynjolfsson and
2

Hitt 2003). Second, we merge financial data from Orbis. Third, we use data on individual
career paths from the professional online network LinkedIn. Our final data-set consists of
5,696 firm-year observations between 2000 and 2008.
Our main result is surprising: along a wide range of specifications, we get consistently
negative and significant coefficients for the interaction term of ERP adoption and ERP
experience of newly hired workers. That is, ERP adoption is less successful, the higher the
share of newly hired workers with prior ERP experience. A possible explanation for this
result could be failed generalizations, i.e. learned practices that have proved successful in the
past (in the former firm) do not necessarily fit into the new firm and consequently have
adverse effects.
2. Related literature
We try to give answers to the question if knowledge transfer by employee mobility affects the
success of technology adoption. We therefore motivate our study by reviewing two streams of
related literature: while the first stream (section 2.1) deals with related literature on
knowledge transfer by employee mobility, the second stream (section 2.2) deals with existing
studies on performance implications of ERP adoption.
2.1. Knowledge transfer by employee mobility
In this paper, we evaluate the impact of knowledge transfer on the performance of enterprise
software adoption. Knowledge transfer between firms happens when one firm’s experience
has an impact on other firms (Argote and Ingram, 2000). There are several mechanisms how
this experience can be transmitted between firms. Reviewing the existing literature on
knowledge transfer, Corredoira and Rosenkopf (2010) distinguish between strategic alliances,
employee mobility, informal publications, patents, and scientific publications as potential
mechanisms of knowledge transfer. Acknowledging the importance of other mechanisms of
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knowledge transfer, we focus on employee mobility as a possible way of transferring
experience from one firm to another.
In his seminal work on the link between employee mobility and knowledge spillovers, Arrow
(1962) stresses that information is a commodity of great economic value and that “the very
use of information in any productive way is bound to reveal it”. Subsequently, mobility of
employees will spread information and as property rights can only partially bar this,
information therefore lacks appropriability. In environments with increasingly knowledge
intense production, this effect is amplified, as the departing worker cannot leave everything
behind due to the often tacit knowledge acquired from experiences at the workplace. The
literature on R&D has taken up this thought line and interprets labor mobility as a spillover. 1
But it also has been argued that the transferred knowledge is compensated for by wage
differences and therefore cannot be qualified as spillovers (Møen, 2005). As employees are
able to transfer tacit and explicit knowledge to new contexts (Berry and Broadbent, 1984,
1987) and as they can adapt the transferred knowledge to these new contexts (Allen, 1977),
we expect employee mobility to be a powerful mechanism of knowledge transfer (Argote and
Ingram, 2000).
Empirical studies have found knowledge-enhancing effects from worker movement for the
hiring firm2. Studies in the semiconductor industry observe hiring firms importing new
product line strategies (Boeker, 1997) and technical knowledge (Rosenkopf and Almeida,
2003, Song et al., 2003), while studies in other industries observe increased product
innovation (Rao and Drazin, 2002) and increased influence in technical committee activity
(Dokko and Rosenkopf, 2010). Even though all these studies show support for a link between
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Therefore, insufficient appropriability of research investments may lead to underinvestment.
In addition to the literature evaluating the impact of worker mobility on the hiring firm, Corredoira and
Rosenkopf (2010) also evaluate the impact on the firm losing an employee and find a reverse channel of
knowledge transfer from the new firm of an employee to their old firm. So knowledge transfer does not always
have to lead to negative effects because of human capital losses, but can also have a positive effect because of
social capital gains.
2
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employee mobility and knowledge transfer, much less is known if this transferred knowledge
is ultimately useful for the hiring firm, i.e. if hiring firms can increase profitability by
employing the acquired knowledge. One exception is Phillipps (2002), who finds higher firm
survival rates for law firms hiring new partners. While establishing important contributions to
the understanding of organizational populations, firm performance is not observed directly,
but by the coarse proxy of firm survival.
Our study adds to the existing literature on knowledge transfer in two dimensions. First, we
are able to directly examine performance implications of knowledge transfer by employee
mobility. And second, we identify how knowledge transfer influences the success of one
specific adoption problem, the adoption of enterprise software. This second point is discussed
in the following section.
2.2. Performance implications of ERP adoption
In the context of the IT revolution, software seems to be a much larger productivity driver
than hardware. However, surprisingly few productivity studies analyze the impact of software
compared to the vast majority of IT and productivity studies that mainly focus on hardware.
Obviously, one possible reason for the smaller number of studies could stem from difficulties
in quantifying software-capital, which speaks for looking at the adoption effect of software
adoption instead.
In this paper, we consider enterprise resource planning (ERP) software as one specific but
fairly important kind of software. While ERP adoption is generally seen as a profit-increasing
strategy, many firms like Hewlett Packard or Hershey’s experience problems when adopting
ERP systems.3 This leads to some appeals that stress the risk of ERP software implementation
and question its benefits altogether (Rettig, 2007). So what could drive benefits and costs of
ERP adoption? An ERP system integrates fragmented information systems, simplifies data
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Compare http://www.cio.com/article/486284/10_Famous_ERP_Disasters_Dustups_and_Disappointments
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flows, provides information at a higher update frequency, and ensures data quality due to its
predetermined data structures. This should lead to improved planning capabilities, improved
processes, and efficiency gains. However, all this comes at a cost. In addition to the licensing
and implementation costs payable to the software vendor, firms need to redesign their job and
work routines, retrain their employees in how to use the new system, and build interfaces to
legacy systems. The net effect of adopting an ERP system therefore depends on achievable
efficiency and coordination gains (Gattiker and Goodhue, 2005) and on the hurdles that have
to be overcome to achieve a fit between the organization and the selected ERP system.
While some of the existing work on ERP adoption is case study based and looks at the
mechanisms by which ERP can create value and questions surrounding the implementation
process (e.g. Botta-Genoulaz and Millet (2006), who analyze six cases of ERP adoption in the
service sector), we are especially interested in large-scale empirical studies. For example,
Jones et al. (2011) measure performance of ERP adoption in 49 different business units by
their impact on monthly sales and inventory turnover and conclude that one needs to focus on
minimizing negative outcomes during the implementation phase of enterprise software.
Gattiker and Goodhue (2005) find that integrated and dependent units within a firm will profit
more from ERP adoption than more isolated and therefore organizationally different units.
Engelstätter (2009) uses a production function approach to estimate the returns of ERP
adoption and identifies complementarities when a firm adopts multiple functional modules.
Other examples of empirical studies on ERP adoption are Shin (2006), who analyzes ERP
adoption of small and medium-sized enterprises or Hendrickes et al. (2007), who investigate
the effect of announcing the introduction of an ERP system on stock prices and profitability.
The main drawback of the above-mentioned study is their cross-sectional nature, which makes
identification of causal effects difficult.
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The only econometric studies on ERP performance using panel data were carried out by Aral
et al. (2006) and Hitt et al. (2002). Even though both use a sample that only contains data of
one large ERP vendor (SAP) in the US, a remarkable advantage of their dataset is the
possibility to distinguish the date of purchase of an enterprise system and the date of its first
usage. Aral et al. (2006) use this specific information to address the causality issue of whether
it is the productive firms investing in IT or the actual use of IT that triggers better
performance. They find that the basic ERP purchase decision is uncorrelated with
performance, indicating the absence of a selection effect of better firms. Though they do find
the selection effect for additional IT purchases, firms that are successful in implementing
ERP, i.e. show good IT performance, will rather invest in additional modules. Hitt et al.
(2002) focus on looking at different performance measures and span the very early period of
ERP diffusion (1986-1998), which makes their findings are confined to the first effects after
ERP implementation. They find that most of the gains are already found during the official
implementation stage, which has an average length of 21 months.
Our study contributes to the literature on enterprise software adoption by analyzing the
performance implications of adopting ERP software with a large-scale panel dataset of US
firms. Our data has the advantage that it does not stem from one provider of ERP software,
but comes from a wave of site-level surveys on ERP adoption, therefore containing ERP
adoption by any ERP supplier. Contrary to the above-cited literature, we are not so much
interested in the adoption effect itself, but in how the success of ERP adoption is moderated
by the inflow of knowledge from hiring new employees.
3. Identification of effects from knowledge transfers on the success of ERP adoption
In our empirical analysis, we try to identify effects from knowledge transfer by employee
mobility on the success of adopting an ERP system.
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Our analysis is based on the established production function. Starting point is the CobbDouglas production function
capital and labor and

, where

is the total production,

and

stand for

being total factor productivity.

For our estimations, we use the familiar production function in log linear form, which has the
advantage of being widely accepted and used in the literature (e.g. by Brynjolfsson and Hitt
(1996), Black and Lynch (2001), or Francalanci and Galal (1998)) and has a simple functional
form. Our baseline regression for panel data and with lagged ERP Adoption is:

For the first estimation equation, we use a lagged ERP adoption variable, which is a dummy
variable that takes the value of one, if in the year before the firm had implemented an ERP.
Furthermore, we have an intercept

, allow for firm-specific fixed effects

nationwide shocks with year dummies

and control for

. To make the results more comparable to the results

of Hitt et al. (2002), we run some estimations with industry fixed effects at the three digit
NAICS level instead of firm fixed effects.
The model that tests our main research question extends this software production function by
a variable capturing ERP experience of newly hired employees4
of this variable with the lagged adoption variable

, and the interaction

:

When estimating the production function, we are especially interested in the interaction term,
as this term tells us whether firms that have adopted an ERP system and have hired a high
proportion of employees with prior IT experience are more successful.

4

The exact implementation of the variables is discussed in section 4.2.
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For all panel regressions we use robust standard errors, as the assumption of normally
distributed idiosyncratic error term with mean zero is usually not met with panel data. Robust
standard errors allow for the weaker assumption, that the errors only have to be independent
across individuals (Cameron and Trivedi, 2009).
4. Data
4.1. Data sources
For the empirical analysis we draw data from three different sources.
For the information on enterprise software adoption we use the US issue of the CI
Technology Database provided by the international marketing and information company
Harte Hanks. This database has been used extensively by academic literature on IT
productivity research (Bresnahan et al., 2002, Brynjolfsson and Hitt, 2003), but is primarily
collected for commercial purposes for large IT companies and its quality is therefore regularly
tested and established. The data stems from yearly telephone surveys at a firm’s site level and
contains amongst other measures of IT usage detailed information on the employed software.
To allow for linking the data with financial data and firm level data of worker flows, we
aggregate the information on a firm level using a corporation identifier provided by Harte
Hanks.
Data on worker flows between firms comes from the public directory of LinkedIn, which is
the market leader for professional online social networks, capturing a significant portion of
white-collar workers in the US. Professionals use the LinkedIn network amongst others to
connect to business contacts, search for new jobs, and to acquire new customers. Users of
LinkedIn fill out a structured online resume containing their employment history and
education. Figure 1 depicts an exemplary profile from LinkedIn’s public directory. The
employment history contains information on start and end date of the employment, on the
employer, and of the job title of the employee. We can therefore track employee movement
9

between firms on an individual level. Micro-level data from LinkedIn has been used by
Tambe and Hitt (forthcoming) to estimate IT productivity.5 They compare their analyzed
sample on IT employees with data from the Bureau of Labour Statistics and find the data to be
representative and to cover about 10-15% of the US based IT workforce.6
------------------------------------------------INSERT FIGURE 1 HERE
------------------------------------------------Finally, we complement our data on IT usage and worker flows with financial data from the
Orbis database provided by Bureau van Dijk. As most studies using financial data, there is a
bias towards large firms in the sample. This is a cost that comes with using this kind of data,
but one has to keep this in mind when interpreting the data. This holds especially true as
increasingly smaller firms start adopting ERP systems.
Matching between the datasets was done by firstly firm name, secondly industry, and third
headquarters location as this information was available in all three datasets. After applying an
automatic matching process, each matched firm was manually checked for correctness. Due to
the double-checking of matched firms the matched quality should be very high.
4.2. Variables
In the following, we introduce the variables used in our estimations. Descriptive statistics are
presented in Table 1, while pairwise correlations are reported in Table 2.
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They do not explicitly state that their data comes from LinkedIn, but LinkedIn is the only professional network
of comparable site that has been active in the US at this time.
6
Our data sample differs in the vintage of the data acquisition (2010 instead of 2006), in that we only use
publicly available date from the LinkedIn members directory, and that we use all kind of workers instead of only
IT workers.
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4.2.1 Value added
Our dependent variable, value added (

), is measured as sales minus costs. Material costs

are reported only for few firms in the dataset and in order to avoid losing a great number of
observations, we use data from the Bureau of Economic Analysis to calculate the average
material spending in percent of output for each industry at the three digit NAICS level.7
Individual material costs for each firm are imputed from taking the industry percentage from
the actual reported sales. Not surprisingly the calculated data are strongly correlated with the
available material costs data. Even though this is an imperfect substitute, for this applied case
of looking at CRM software (which has a main focus on sales instead of material cost
reduction such as supply chain management), this is a sufficient approximation for the
production function. The regressions were repeated with sales instead of the value added
proxy as dependent variable and results and significance remained unchanged.
4.2.2 Adoption of ERP software
In our empirical analysis, we focus on the adoption of one specific type of ERP systems, i.e.
customer relationship management (CRM) systems. The variable

takes a value of one

if a firm has adopted a CRM system in year and a value of zero otherwise. Of course, firms
can implement ERP systems in many different ways: adoption can differ regarding the
number of sites, licenses, modules (even within the field of CRM-ERP), and the number of
employees using the software. We interpret this as a random data error in our adoption
measure, which will tend to bias our results toward finding no effect (Hitt et al., 2002).
CRM systems are used for all tasks relating to the interface with the customer. For example,
they allow for sales force automation, they simplify maintaining long-term relationships, and
they enable centralized customer data warehousing, which in turn can lead to improved
profiling of key customers. Furthermore, they allow for better analysis of customer
7

Data is accessible at http://www.bea.gov/industry/gdpbyind_data.htm
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profitability and purchasing patterns, especially if a firm has multiple product lines. So the
goal when implementing a CRM-ERP is to achieve superior customer loyalty and to reduce
costs of sale. CRM systems usually replace systems maintained by individual sales people and
prevent the loss of organizational customer knowledge with sales people turnover (Hendricks
et al., 2007). Finally, repetitive sales processes can be streamlined. The best known CRM
vendors are Oracle, Peoplesoft, and Siebel (Shin, 2006), though the last two have both been
bought by Oracle in 2004 and 2005 respectively. Further important players on the CRM
market are Salesforce.com and SAP.
Figure 2 shows the diffusion curve for CRM software in the US. The level of adoption is
higher for manufacturing, which is not very surprising given that ERP software was originally
primarily targeted at the manufacturing sector. Growth of the diffusion curve across the
sectors is synchronous. We study the adoption of CRM systems instead of general-purpose
ERP systems as their main adoption window falls in our study period, whereas overall ERP
adoption has already been much more saturated throughout the study period.
------------------------------------------------INSERT FIGURE 2 HERE
------------------------------------------------4.2.3 Experience inflow
Our central variable

measures the inflow of ERP-specific experience and is

constructed as the ratio of new employees of firm

recorded at LinkedIn with prior

experience with an ERP-CRM software denominated by the number of a firm ’s all new
employees recorded at LinkedIn. This variable gives information on the degree to which
experience with the specific software is present within the newly recruited employees, but it
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gives no information on the extent of newly recruited employees in relation to the total labor
force, i.e. on labor turnover.
The measure is constructed as a stock variable in the sense that once a new employee with
ERP experience is counted, she is counted every year until she leaves the firm. This makes
sense as her knowledge of her prior experience does not extinguish after her first year in the
new company and the experience of coming in from another firms can be interpreted as a
stock variable.
Constructing this variable as a ratio instead of constructing a variable using absolute terms,
i.e. number of employees, is due to, firstly, correcting the variable by different sampling rates
will always run into a selection problem and, secondly, the percentage variable can be
interpreted very sensibly.
4.2.4 Control variables
Finally, to be able to estimate the production function we need variables on capital and labor.
Capital

is measured as the fixed capital employed by firm in year , whereas labor

measured as the number of full-time equivalent employees of firm
we construct a set of year dummies

is

in year . Furthermore,

to control for nationwide shocks influencing

productivity. Finally, for our preferred regressions, we use a set of firm-level fixed effects
for some robustness checks we use industry fixed effects at the three digit NAICS level.
------------------------------------------------INSERT TABLE 1 HERE
------------------------------------------------------------------------------------------------INSERT TABLE 2 HERE
------------------------------------------------13
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5. Results
5.1. Main findings
Our main findings are presented in Table 3. In this table, we run regressions with fixed effects
at the level of the firm. First off, the coefficients for intercept (multifactor productivity), labor
and capital are in their usual ranges.
------------------------------------------------INSERT TABLE 3 HERE
------------------------------------------------In our specification (1), we find a positive stand-alone effect from lagged ERP adoption, but
this effect is statistically not significant. The main effect for ERP adoption becomes only
significant in specifications (2) and (3), when we control for ERP experience and the
interaction between experience and adoption. It is reassuring to find that the experience
inflow variable on its own has no effect on productivity. Which shows that the inflow of ERP
experienced employees does not in any way show a bias towards selection of good or bad
employees, but only has an effect if combined with an ERP system at the firm.
In contrast to the expected positive coefficients for the interaction terms between ERP
experience and ERP adoption, we find significant negative coefficients. This unexpected and
at a first glance counterintuitive result holds true for lagged (specification (2)) as well as for
contemporaneous measures of ERP experience (specification (3)).
5.2. Robustness checks
To allow for better comparability with the existing ERP productivity literature (Hitt et al.,
2002), we rerun the regression with industry controls at the three digit NAICS level instead of
firm fixed effects. Results are reported in Table 4.
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------------------------------------------------INSERT TABLE 4 HERE
------------------------------------------------It is interesting to see how much the results change when one changes from regressions with
firm-level fixed effects to industry controls. Even though the direction of all variables stays
the same, differences occur in the significance of the results. For example, the stand-alone
effect of ERP adoption is now significantly positive (specification (1)). A possible
explanation could be causality problems for the industry control framework: if a firm is
generally more productive, it might adopt an ERP system. As long as general productivity
differences between firms are not time-variant, this reverse causality problem can be taken
care of by the fixed effects regression. In contrast, the interaction term of ERP adoption and
experience stays negative but in no longer significant.
We also applied the same regression estimation and models from Table 3 on the
manufacturing sector only. We do this mainly because a large part of the IT productivity
literature is focused on this sector and one argument is that the accounting data is more
reliable for manufacturing than in the service sector. For example, the accuracy of accounting
data in the finance sector has been questioned. In other service sectors, such as the as the
health sector, severe quality issues at the output level exist. Results are reported in Table 5
and are similar to using the full available data set.
------------------------------------------------INSERT TABLE 5 HERE
-------------------------------------------------
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6. Discussion
Our empirical analysis produced a counterintuitive and unexpected main result: along a wide
range of specifications, we get consistently negative and significant coefficients for the
interaction term of ERP adoption and ERP experience of newly hired workers. That is, ERP
adoption is less successful, the higher the share of newly hired workers with prior ERP
experience. In the following, we try to identify possible mechanisms that could have
generated this result.
A first possible explanation could be that wage premiums of ERP-experienced employees
could drive this result. The line of thought here would be that ERP-experienced employees
could be able to realize higher wages than inexperienced employees and that these wage
premiums outweigh their potential efficiency gains, leading to a negative net effect on
productivity. However, we only get a significantly negative effect for the interaction term of
experience and ERP adoption and not for the main effect of experience. If employees with
ERP experience would “overcharge” their employers, we would expect a negative effect even
more for the main effect than for the interaction term, as it captures the contribution of ERPexperienced employees to productivity for the case when they are not even able to bring in
their knowledge.
A second possible explanation would be a story of reverse causality: perhaps those firms that
experience problems with their ERP adoption hire a larger share of ERP-experienced
employees? If this would be the case, the negative interaction effect of ERP adoption and
ERP experience would just indicate firms with low capabilities of implementing an ERP
system and not a negative influence of hiring a large portion of ERP-experienced employees.
However, we think we can exclude this explanation as our measure of experience inflow is
lagged and as the firm fixed effect already capture if a firm has an inherently lower capability
of implementing an ERP system.
16

Third, the effect could possibly be explained with the diffusion of CRM systems. As over
time more and more firms adopt a CRM system, the chance of hiring a new employee with
ERP experience increases ceteris paribus. If over time ERP adoption would become less and
less successful, a spurious correlation between ERP experience and time could explain our
result. We think we can also exclude this possible explanation as our year fixed effects should
control for a general upward trend in ERP experience. Furthermore, given that learning curves
should usually generate positive effects, a generally reduced adoption success over time
seems not to be very realistic.
Fourth, results could potentially be explained by the substitution of internal and external
knowledge. Implementation of ERP projects is usually supported by a large-scale
involvement of external consultants. These consultants usually have long-time experience
with implementing ERP systems and should be able to deal with most problems during the
implementation phase. A high percentage of newly hired employees with ERP experience
could be an indicator that a firm tries to manage the implementation process with fewer
external consultants and with more internal resources. Therefore, we could explain the
negative interaction effect between internal ERP experience and ERP adoption if external
knowledge provided by consultants would be more efficient than internal resources. We think
this mechanism could potentially drive our results. However, consultants are usually only
active in the implementation phase of the project and leave thereafter. As we also regard longterm success of ERP adoption, we think that performance differentials of external and internal
knowledge can only explain a smaller part of the overall effect.
Fifth and finally, another explanation could be transfer of wrong knowledge. ERP systems are
complex systems that require a good fit with a firm’s organizational structure. Employees
with ERP experience could already observe such a fit between software and organization at
their prior employer. However, given the high complexity of organizations as well as of ERP
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software, this fit should be fairly unique for each firm adopting an ERP system. So the
question to be asked is if employees are able to successfully transfer knowledge from their old
firm to their new firm? As Argote and Ingram (2000) argue, knowledge transfer can only be
successful if the knowledge fits also in the new context. So success of knowledge transfer
depends on whether employees with ERP experience are able to transfer real knowledge from
one firm to another or if they are only able to copy a more or less static configuration. If they
take their old firm’s ERP configuration as a template of how to employ ERP software in the
new firm, odds are high that no high performance can be achieved and that results are even
worse than those for inexperienced employees as these employees should not have any bias
for or against a specific configuration. We therefore think that transfer of wrong knowledge
could in fact be a mechanism driving our negative interaction term between ERP adoption and
ERP experience.
7. Conclusion
In this paper, we tried to assess the influence of knowledge transfer by employee mobility on
the success of adopting complex enterprise software. Using a uniquely compiled dataset on
ERP adoption, employee movement, and firm productivity, we were able to directly assess the
moderating effect of employee movement on ERP adoption.
We expected to observe a positive effect from knowledge transfer on the success of adopting
new ERP software. However, our main result goes in the opposite way: the higher the share of
new employees with ERP experience, the lower the success of ERP adoption. We tried to
make sense of this counterintuitive result by exploring potential mechanisms triggering the
result. We could exclude wage premiums of ERP experience, reverse causality, and spurious
correlations because of the diffusion process as possible mechanisms. While we identified
employment of external consultants as a possible smaller driver of the result, our main line of
explanation has been motivated by transfer of “wrong” knowledge: learned practices that have
18

proved successful in the past (in the former firm) do not necessarily fit into the new firm and
consequently have adverse effects.
Even though we are quite confident that our negative effect from knowledge transfer on the
success of ERP adoption exists, we still cannot clearly identify the mechanisms driving the
results. To allow for a better identification of the causal mechanisms, it would therefore be
helpful to run a couple of additional tests. First, one such test could distinguish employee
inflow from the same industry from employee inflow from different industries to test if
knowledge acquired in a subject field closer to the new subject field could be transferred
easier. If we would get this result, the explanation by “wrong” knowledge transfers would be
supported, as knowledge would only become more “wrong” the more distant the old context
would compared to the new firm. Second, it would be informative to use the duration of
employment at the old employer as a proxy for an employee’s knowledge rigidity and depth.
In this context, it would be informative to see whether inflowing employees with longer prior
experience contribute more because of their increased knowledge depth or less because of
their higher rigidity. Third, it would be interesting to distinguish if the inflowing knowledge
comes mainly from one firm or from many different firms. On the one hand, knowledge
inflow from one firm could have the drawback that not so many new ideas are brought into
the process and solutions get stuck on “local peaks” (Levinthal, 1997). On the other hand,
knowledge inflow from many different sources could also turn out to be detrimental as
knowledge integration becomes difficult (Grant, 1996).
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Figure 2: Adoption of CRM systems in the US
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Table 1: Descriptive statistics
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Table 3: Main regressions results with firm fixed effects

26

Table 4: Regression results with industry fixed effects
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