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ABSTRACT The fundamental questions we address are whether firms with a higher initial
forecasting ability are able to accurately revise the exit forecasts of their investments; and how
co-investment partners and value-adding commitment with their investment influence the
main effect. We explore these questions with novel and unique data collected via mixed
research methods on venture capital firms’ forecasts of 114 portfolio companies. We find that
venture capital firms that are better at making initial forecasts are less effective in revising
their forecasts. In addition, while the number of co-investment partners positively moderate
this relationship, venture capital firms’ value-adding commitment moderates it negatively. Our
findings contribute to the literature on organizational forecasting as well as inter-
organizational knowledge transfer and knowledge creation. They also provide novel insights
into venture capital literature and practice.
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‘If you have reason to think that yesterday’s forecast went wrong, there is no glory in sticking to

it’. Nate Silver

INTRODUCTION

Most strategic decisions that organizations make – starting from acquisition of resources
to their allocation to a specific product, project or venture – draw on forecasts (Durand,
2003; Makadok, 2002; Makadok and Walker, 2000). Forecast accuracy lies at the core
of the resource-based explanations of competitive advantage (Barney, 1991, 1995), since
firms with more accurate predictions can invest more effectively (Ahuja et al., 2005;
Makadok and Barney, 2001; Makadok and Walker, 2000). As Hogarth and Makridakis
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(1981, p. 116) have stated: ‘erroneous forecasts can kill the best plans’. Although sophis-
ticated quantitative forecasting methods are available, most forecasting processes rely on
human judgement (Lawrence et al., 2006; Sanders and Manrodt, 2003; Sanna and
Schwarz, 2006; Wright et al., 1996). Since bounded rationality (Cyert and March,
1963) and attention (Ocasio, 1997) constrain managers’ ability to perceive and assimi-
late information, variation in such abilities is a key source of firm heterogeneity. Even
subtle changes in the ways that tasks or information are presented can undermine the
accuracy of experts’ predictions (Andreassen and Kraus, 1990). Furthermore, even sim-
ple forecasting efforts can be biased by organizational context (Durand, 2003; McNa-
mara and Bromiley, 1997). Such hazards systematically hinder accurate initial forecasts
and underscore the need to reconsider or revise forecasts over time. By accurately revi-
sing forecasts, organizations may achieve higher performance (Makadok and Walker,
2000; Makridakis et al., 2009) and can reallocate their time, attention and other scarce
resources more effectively.

Given this strategic importance, it is surprising that previous research has devoted
scarce attention to understanding why some organizations are more effective at revising
forecasts than others. Our premise is that organizational forecast revision does not neces-
sarily rely on the same ability as making an initial forecast. Initial forecast formation draws
on activities related to noticing, analysing and processing information, thereby forming
initial predictions for the outcomes of new investments (e.g., in resources, products or ven-
tures). Forecast revision refers to noticing new information over time, reflecting on it and
subsequently maintaining or changing previous forecasts (Moritz et al., 2014). The former
forecast may obfuscate how the new information is dealt with and incorporated in a
revised judgement. High ambiguity of new information and bounded rationality make
revisions challenging. Managers may erroneously alter forecasts that should have been
maintained and preserve those that should have been changed. Managers’ confidence in
their initial forecasts may lead to self-efficacy bias (Kahneman and Tversky, 1973, 1979),
routine effects (Tripsas and Gavetti, 2000) and confirmatory bias (Bukszar and Connolly,
1988; Cassar and Craig, 2009), and use of improper heuristics that reduce accuracy of
their revised forecast. Therefore, we argue that initial forecasting ability is negatively
related with revised forecast accuracy. We examine the extent to which this relationship is
favourably moderated by two main sources of additional information: complementary
information from experts and first-hand commitment with the investment.

We explore these questions in French venture-capitalist firms (VCFs) by relying on a
mixed research method. We first conducted exploratory interviews with VCFs and
entrepreneurs, followed by analysis of unique quantitative data collected via question-
naires from 23 VCFs regarding their revised forecasts of 114 investments and supple-
mented by financial reports of VCFs and public sources (Bartunek et al., 1993; Bitektine
and Miller, 2015).

Indeed, forecast accuracy is especially critical in the venture capital setting
(Gerasymenko and Arthurs, 2014). Venture capitalists invest outside equity in entrepre-
neurial ventures from a professionally managed venture capital firm. Usually venture capi-
talists co-manage multiple funds over time. The limited lifespan (approximately 10 years)
and high capital requirements mean that VCFs are highly focused on increasing the value
of their portfolio companies (PFCs). In doing so, both the time and type of exit are of
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paramount importance. For instance, whether a company exits the VCF portfolio via an
IPO (Initial Public Offering) or a Trade Sale (e.g., M&A) has significant consequences for
its return on investment (Giot and Schwienbacher, 2007). The general partners we inter-
viewed confirmed that forecasting and planning for the most likely type of exit is critical.
They also concurred that new external information through syndication (e.g., on markets,
external shocks) and their many interventions on PFC (about organizational resources,
business models, etc.) change the outlook (Gerasymenko et al., 2015); prompting the need
to revise forecasts to guide PFCs toward different types of exits (De Clercq and Sapienza,
2006).

As predicted, we found initial forecasting ability to be negatively associated with revised fore-
cast accuracy. Since co-investors bring complementary information and knowledge (Wright
and Lockett, 2003) and value-adding activities supplemented to portfolio firms help reduce
interest and knowledge asymmetries, we expected that both a larger syndicate and more
value-adding activities favourably moderate the main relationship. While we were able to
confirm the initial moderation, we found the opposite to be true for the latter scenario.

This paper makes several contributions: First, we contribute to the literature on
organizational forecasting by examining the relationship between initial forecasting abil-
ity and forecast revision. While previous research focused on initial and subsequent fore-
casts, we find that when organizations make better initial forecasts, they are less effective
in revising forecasts. This advances the literature by showing that effective forecast revi-
sion is not only hindered by initial beliefs and cognitive limitations, as reflected in the
decision-making and psychology literatures, but is also hampered by the initial forecast-
ing ability. This highlights that organizational forecasting is composed of several distinct
abilities, the mastery of which requires specific attention, analysis and processes. Second,
we show how the VCFs’ value-adding interventions in their PFCs and syndication
respectively hinder and advance the accuracy of their revised forecasts. These results
indicate that forecast revision is more likely to be accurate in the presence of comple-
mentary external information (from expert partners) than from internal information
(from direct engagement with ventures). Finally, our study brings novel insights to the
entrepreneurship and venture capital literature. While prior studies explored the value-
adding role of VCFs (Arthurs and Busenitz, 2006), we demonstrate a previously
unknown drawback of VCF interventions.

We begin by presenting the reasons that lead organizations to change forecasts and
the associated challenges of forecast revision. We then explore forecast revision in the
venture capital firm context and develop specific hypotheses. This is followed by a
description of our mixed methods, analysis and key findings. Finally, we conclude with
an extended discussion of the theoretical and practical implications of our results, as
well as identify some fruitful areas for future research.

THEORY

Reassessment of Organizational Forecasts: Reasons and Challenges

Forecasting new ventures is at the heart of entrepreneurial and investor commitment
decisions. Whereas in stable environments organizations may rely on the established
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rules of rational decision-making (Cyert et al., 1998), under volatile and highly uncertain
conditions, managerial judgement and interpretation become far more important
(Bazerman and Moore, 2008; Cyert et al., 1998). Such judgemental forecasts are inte-
gral to organizational decisions about the choice of, and commitment to, new projects,
products or markets (Durand, 2003). However, research in cognitive psychology and
management points out that individuals and organizations typically suffer from hindsight

bias (Bukszar and Connolly, 1988), specifically, a tendency to believe their forecasts are
more accurate than they actually are. Some scholars have expressed concern that hind-
sight bias may seriously prohibit forecast revision and improvement in organizational
forecasting ability even when feedback on actual outcomes becomes available (e.g., Cas-
sar and Craig, 2009). In order to understand why some organizations excel at forecast
revision (Shumsky, 1998), we separate initial forecasting ability from forecast revision.
We also analyse how third-party expert informants and direct engagement with projects
influence forecast revision.

Many scholars have emphasized that effective forecast revisions are challenging for
individuals in organizations for several reasons: First, managers are known to fall into a
trap of ‘over-thinking’, thereby adjusting initial forecasts while they should have been
kept the same, or ‘under-thinking’, whereby preserving those forecasts unchanged that
should have been altered. Indeed, managers have bounded rationality (Cyert and
March, 1963) which poses limits on organizational capacity to effectively make sense of
diverse, ambiguous and novel information (Weick, 1969; Weick et al., 2005). This in
turn hinders interpretation and integration of the impact of new internal and external
environment stimuli (Christianson et al., 2009) on the outcomes of organizational proj-
ects or investments, undermining the accuracy of revised forecasts.

Second, individuals reveal a tendency towards anchoring bias in the face of time-series
forecasts (Andreassen and Kraus, 1990) and preserve their initial judgemental forecasts
even when new and potentially more accurate information appears. Specifically, an
anchoring bias has been often cited as a major impediment to effective adjustments of
prior beliefs and behaviours in time-series tasks (Bromiley, 1987). For instance, Lim and
O’Connor (1995) adopted a three-stage approach under which they examined an initial
judgemental forecast, then considered statistical forecasts and finally revised the initial
estimate. The researchers found that people have considerable difficulty in reacting
appropriately to the reliability of additional information provided in statistical forecasts.
Not only did people fail to decrease their reliance on their own initial judgemental fore-
cast as they witnessed the greater accuracy of the statistical forecast provided to them,
but people generally tended to increase their reliance on their initial forecasts over time.

Third, managers tend to exhibit cognitive inertia (Dobrev et al., 2003; Fredrickson
and Iaquinto, 1989) that limits their ability to revise forecasts and undertake necessary
changes over time. One of the best known examples is the case of Polaroid, discussed in
detail by Tripsas and Gavetti (2000). Although the company managers could have fore-
seen the initial success of instant imaging and photos, they failed to adjust their forecasts
in favour of digital photography and subsequently redirect their resources to this
domain. The organization creates rules, norms, and a context that conditions their
members to perceive and judge prospects in a given manner (McNamara and Bromiley,
1997).
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It is also important to acknowledge that revising initial forecasts imposes additional
costs and can divert attention away from other tasks. Disruptions may be particularly
strong when initial forecasts led to significant financial and other resource commitment,
and specifically in cases where changes in forecast would imply the commitment of addi-
tional resources (Guler, 2007; McNamara et al., 2002; Staw and Fox, 1977). Because of
limited attention (Ocasio, 1997), unplanned changes and resource commitments – these
may reduce the time organizations are able to give to other important tasks. Such atten-
tion and time-related costs can be particularly taxing in small organizations (Ocasio,
2011) where forecasts and resource-allocation decisions are carried out by the same
individuals.

Prior research’s primary interest focused on how individuals revise their forecast with-
out allowing for how organization-specific factors interfere with forecast revision. Here,
we aim to shed light on this critical issue. As organizations with a higher forecasting abil-
ity are more likely to suffer from self-efficacy bias, inertia, and heuristics’ use, they will
revise their forecast less accurately than others. We expect that firms with exposure to
more expert partners involved in the projects in point, and firms that commit actively
with the projects will gain additional relevant information that will curb positively the
main negative association between initial forecasting ability and revised forecast accu-
racy. We present the empirical context of our study: venture capital firms – and develop
our hypotheses.

Venture Capital Setting and Hypotheses

The venture capital industry is one of many appropriate settings for studying organiza-
tional forecasting. First, venture capital firms invest in entrepreneurial projects in grow-
ing high-tech industries, which are subject to high volatility, renewal and changes (Allen
and Hevert, 2007). Understanding the determinants of accurate forecast revisions is
therefore highly relevant under such conditions where forecasts would need to be
changed regularly, and cognitive biases and organizational influences are likely to pene-
trate judgemental forecasting. Second, VCFs focus on young ventures that often need to
change the course of their initial strategy or business model (Gerasymenko et al., 2015),
thus requiring flexibility from VCFs in terms of both predictions and actions. In other
words, the need to revise forecasts may come not only from external environmental
changes but also from changes within portfolio companies themselves.

Third, evidence from both research and practice underscores that VCFs expect a rel-
atively high return on investment and that the continuation of their funding is subject to
specific milestones, intermediary objectives and expectations that their portfolio compa-
nies must meet. While setting up different performance metrics and monitoring is
undoubtedly important, the key caveat to realizing a return on investment is for a VCF
to assure an exit from a portfolio company via one of the potential exit mechanisms: Ini-
tial Public Offering or a Trade Sale being among the most common (Gifford, 1997).
Because the requirements and venture characteristics required for one exit or the other
are very different (Gerasymenko and Arthurs, 2014), the type of exit forecast is a vital
strategic forecast that VCFs form upon investment and review as their PFCs progress
over time (Giot and Schwienbacher, 2007).
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Fourth, VCFs’ forecast revision is coupled with some critical actions and interactions
within which they are engaged. Indeed, VCFs often co-invest or syndicate their invest-
ments with other VCFs (Bygrave, 1987; Lerner, 1994) and therefore rely on joint
decision-making when it comes to revising their forecast. Moreover, in addition to pro-
viding capital, VCFs are recognized for having a ‘hands-on’ approach toward their
investments through advising their PFCs in different areas (Hsu, 2006). For instance,
VCFs are known to advise their portfolio companies in financial, strategic, marketing,
business model and other important business-related issues (MacMillan et al., 1989).
The information that VCFs would learn about PFCs during such value-adding relation-
ships (De Clercq and Sapienza, 2005) is also likely to shape how VCFs revise their initial
forecasts.

Initial Forecast Ability Hinders Forecast Revision

Given multiple external and internal challenges for making accurate predictions, a key
question is whether a VCF with a superior initial forecasting ability is more or less accu-
rate in revising its initial forecasts. Three main factors help to explain why forecast revi-
sions are likely to be undermined by the quality of the VCFs’ initial forecasting.

First, VCFs devote substantial attention and effort to the initial due diligence and
forecasting. The amount of effort exerted by individuals is known to be directly related
to the perceived self-efficacy in a given task, e.g., initial forecasting. While self-efficacy
characterizes one’s belief in performing well a specific task and is usually positively
related to the actual performance (Kickul et al., 2009), it is likely to discourage managers
of VCF with a higher initial forecasting ability from questioning their initial forecasting
ability; as a result, this increase the likelihood of maintaining initial forecasts when
changes would be needed, creating an anchoring bias.

Second, it is important to recognize that the VCFs’ initial exit forecasts serve as a
directing force behind their future attention and value allocation to each portfolio start-
up (Gerasymenko and Arthurs, 2014). For instance, a VCF is more likely to hire a new
CEO for a venture that is going to go public than for one to be acquired. Because each
type of exit requires different value-adding activities from a VCF, VCFs with a higher
initial forecast ability will experience stronger behavioural inertia than less able firms.
This inertia is often accompanied by a confirmatory bias (Bazerman and Moore, 2008)
whereby VCF managers notice novel information that confirms their initial beliefs and
forecasts, and disregard information that reveals contradictory signals. This confirma-
tory bias in turn undermines both the occurrence of and quality of forecast revision for
firms with a higher ability to make accurate initial forecasts.

Finally, in addition to due diligence and new project outcome forecasting, VCFs carry
multiple other activities at the same time, such as fundraising, advising their portfolio
companies, networking and exiting, which in turn limits the amount of attention they
can devote to forecast revision. Hence, VCFs tend to rely on simplified heuristics and
other mental shortcuts (Bazerman and Moore, 2008) instead of carefully considering
new signals and information. This may undermine the accuracy of such revisions (Kah-
neman and Tversky, 1973). The firms with a higher initial forecasting ability will tend to
rely on their original estimates to a greater extent and focus their available attention on
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other actions and activities. VCFs with a higher forecasting ability are therefore more
susceptible to paying insufficient attention to forecast revision; and hence to drawing on
imperfect heuristics that reduce their revised forecast accuracy.

Overall, due to self-efficacy bias, inertia, and the reliance on heuristics, we expect to
find a negative relationship between the VCFs’ initial forecasting ability and the accu-
racy of revised forecasts.

Hypothesis 1: There will be a negative relationship between the venture capital firms’
initial forecasting ability and the likelihood of making accurate revised forecasts.

Impact of Additional Information on Forecast Revision

This relationship will be influenced by two main sources of additional information: exter-
nal and internal. Notably, scholars documented that more accurate forecasts are made in
partnership with other groups and organizations (Lawrence et al., 2006). Soon and
O’Connor (1991) and Sniezek (1990) studied the group dimension in forecasting and
concluded that a group of individuals does produce more accurate forecasts than the sim-
ple averaging the individual pre-group judgements. Accordingly, from a knowledge-
based view of the firm, each partner within a specific inter-organizational structure (e.g.,
an alliance, a syndicate) informs its decision-making and improves its performance by
either accessing or acquiring each other’s knowledge. This theoretical lens portrays each
organization as a pool of knowledge and resources that can be accessed or transferred to
another organization, as a function of its absorptive capacity (Lane and Lubatkin, 1998).
Hence, external sources of expert information can help one to improve forecasting.

VCFs are known to rely on the knowledge of syndicate partners (whereby one or
more investors jointly invest in the same venture) as a way to improve investment out-
comes. Earlier research has primarily emphasized two benefits of syndication for VCFs:
better project selection as additional venture capitalists provide a second opinion, and
greater post-investment value added due to complementary knowledge and competen-
cies that co-investors share with the venture. In addition, Wright and Lockett (2003)
found that relationships between syndicate members enhance the decision-making pro-
cess and, unlike the investor-investee relationship, are not influenced by the lead or non-
lead position in a syndicate. Empirical evidence showed that venture capital firms select
syndicate partners with whom they can work and share a high level of trust (Wright and
Lockett, 2002), and that the decision-making is based primarily on discussion and reach-
ing a consensus (Wright and Lockett, 2003). Relatedly, one of the general partners of a
venture capital firm that we interviewed commented:

While initial forecasts are a strong indication for us of the potential direction of the
venture, we usually don’t stick to them for more than two years following invest-
ment. Changes in the environment and other uncertainties often oblige us to review
the direction that a venture will take. We often invite new investors on board when
there is a new round of funding, which is an important occasion for us to review
and defend or change our initial beliefs and predictions.
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Intra-syndicate exchanges based on trust and consensual decision-making may mod-
erate the relationship between initial forecasting ability and forecast revision. First, syn-
dication is likely to decrease the self-efficacy bias spurred by a focal VCF’s extensive
effort put at initial forecasting since such effort is shared among several co-investors. As
external experts, syndicate partners help broaden the source of valid knowledge from
which to draw on and as such combat reliance on self-efficacy.

Second, syndicate partners partake not only in decision-making but also in
value-adding activities. Sharing value-adding activities among several VCFs is likely to
diminish inertial pressures on a focal VCF. Focusing their advising on a restrained set of
activities requires a lower degree of time and effort dedicated to a particular PFC and
facilitates the ability to change a course of action. As syndicate partners contribute to a
greater cognitive diversity in the decision-making process, co-investors highlight differ-
ent examples from their investment experience. Hearing and discussing such diverse
opinions among trusted members decreases confirmatory bias of VCFs with a superior
initial forecasting ability, making them more open to reconsidering their initial forecasts.
Earlier research shows that confirmatory bias of an individual or organization is
decreased when the subject is presented with a somehow related yet different situation
from the original experience (Bazerman and Moore, 2008). Because VCFs seek co-
investors with complementary knowledge yet possessing enough shared knowledge to
work well together (De Clercq et al., 2008), it is likely that the examples that syndicate
partners highlight will correspond to the case in point, thereby decreasing confirmatory
bias of the focal VCF.

Finally, because a focal VCF is able to delegate part of its activities to syndicate mem-
bers, this VCF will be able to devote more attention to forecast revisions than another
VCF surrounded by less expert knowledge and fewer partners. More available attention
to reconsider prior beliefs and forecasts combined with a richer information exchange
and debate is likely to encourage deeper cognitive processing rather than reliance on
heuristics and other mental shortcuts.

Overall, the presence of multiple external experts (i.e., co-investors in our context)
moderates the negative relationship between the VCFs’ initial forecasting ability and
revised forecast accuracy:

Hypothesis 2: The number of co-investors in a PFC together with the focal VCF will
moderate the relationship between venture capital firms’ initial forecasting ability
and revised forecast accuracy such that this (negative) relationship will be weaker.

A second source of privileged information concerns first-hand data collection
obtained through direct commitment of a firm within a PFC. Venture capitalists provide
multiple value-adding services to their PFCs, with differing degrees of intensity (Sapi-
enza, 1992). In our interviews, both venture capitalists and the CEOs of venture-backed
firms emphasized the importance of advising on a frequent basis, not limited to board
meetings. This ‘hands-on’ involvement in portfolio companies may affect the relation-
ship between VCFs’ initial forecasting ability and revised forecast accuracy.

First, apart from adding and transferring knowledge to PFCs, VCFs can decrease
information asymmetry in the investor-investee relationships (De Clercq et al., 2006)
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and gain a deeper understanding of the ventures’ prospects. Since ventures go through a
series of important changes during their early stages of development (e.g., Gerasymenko
et al., 2015), VCF’s knowledge transfer in a diverse set of business areas help them form
a more complete understanding of the PFC’s business. This may mitigate self-efficacy
bias by furnishing first-hand information. Moreover, a VCF that is more extensively
engaged in PFCs may overcome inertial behavioural pressures more easily. When the
two parties are engaged in frequent knowledge exchange and transfer, it is easier for
them to reach consensus and agree on a different direction, if necessary. Finally, because
extended advising implies a certain degree of trust (Zaheer et al., 1998), VCFs gain
access to PFC managers’ hidden motivations and expected outcomes (Nonaka, 1994).
As De Clercq and Sapienza (2006) highlighted from their interviews with VCFs’ manag-
ers, commitment to enhancing ventures’ value creates a good social relationship that
allows the PFCs’ managers to be more open about challenges and motivation. This
improved understanding helps VCFs to gain deeper insights into the future prospects of
PFCs’ exit outcomes, diminish VCF managers’ tendency to rely on mental heuristics
and shortcuts (Shepherd et al., 2003), and adjust their initial forecasts. Therefore, value-
added activities devoted to PCFs reduce the effect of the different biases that explain the
negative relationship between initial forecasting ability and revised forecast accuracy. As
a result:

Hypothesis 3: VCFs’ value-adding commitment to portfolio companies will moderate
the relationship between venture capital firms’ initial forecasting ability and revised
forecast accuracy such that this (negative) relationship will be weaker.

DATA AND METHOD

We tested these hypotheses in the context of venture capital firms operating in France
and their investments in start-up companies. Since it is very hard to accurately and effec-
tively value the investments in start-ups, assessments of future prospects (Sanders and
Boivie, 2004) and especially of exit outcomes (Gerasymenko and Arthurs, 2014) play a
central role in VCFs’ investment strategy. We describe our data, measures and methods
below.

Sample

To address our research question we relied on mixed methods research (Bryman, 2006;
Plano Clark and Creswell, 2008). Because we were collecting our data about venture
capital firms and their portfolio companies in France, a previously-understudied empiri-
cal setting, we realized that relying just on quantitative research would be insufficient
for gaining a more accurate understanding and data. We relied on a sequential method-
ology known as exploratory sequential design that enabled us to use the findings of one
methodology (e.g., qualitative) to inform the issues to be addressed in the subsequent
evaluation (e.g., quantitative) (Greene et al., 1989, p. 262). We first conducted prelimi-
nary exploration with venture capitalists and entrepreneurs via qualitative semi-
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structured interviews to make sure that we were aware of all venture capital interven-
tions and exit forecasts that we would subsequently measure in the quantitative study.
This building stage was very important because most research is focused on VCFs in the
USA: by relying on exploratory sequential design we were able to validate that the
value-adding activities carried out by VCFs in the American context were also carried
out by VCFs in France, as well as identify some value-adding activities and exit forecasts
that were not previously mentioned by the studies conducted in the American context
(Creswell, 2015). For instance, our preliminary interviews showed that some VCFs were
spending considerable time advising their portfolio companies regarding public grants
and other forms of financial aid available in France. Internationalization appeared as
another important area of advising by French VCFs. It is possible that this issue was
more prominent in France than in the USA given a significant size difference in the
home market. While in this particular study we focus on IPO and Trade Sale exits, sec-
ondary sales to other private equity firms appeared to be a viable alternative exit route
for French VCFs.

In total, we conducted 15 exploratory semi-structured interviews with VCFs and
CEOs of portfolio companies to assure that we had a complete understanding of the rela-
tionships between VCFs and their investments, and in particular, of the non-financial
interventions that VCFs were involved in following the investment round. In addition,
we also relied on these interviews to pre-test our questionnaire to ensure its clarity and
the alignment of VCFs’ definitions of concepts with our own. Finally, we recognized that
because early-stage venture capital activity was relatively recent in France at the start of
data collection (2006), it was important to differentiate between professionally-managed
VCFs and those that were still in the process of fundraising or staffing. Following recom-
mendations that we received during our interviews with several general partners, we lim-
ited our sample to VCFs with 10 million euros under management and above. In sum,
these interviews were therefore critical for illustration and clarification of our constructs
and potential findings (Greene et al., 1989). The average length of an interview with a
general partner was 65 minutes, ranging from 30 minutes to two hours total.

In order to avoid a single source bias, we collected data on different variables from
different sources. For instance, in addition to our questionnaire and public sources, we
used the early-stage VCFs’ semi-annual reports that they provided to their shareholders
to collect information on some of our control and independent variables. From this
source, we gathered VCF and start-up characteristics. Specifically, we obtained informa-
tion on the VCF’s team size and number of syndicate partners per start-up, as well as
information on the VCF’s exit deals, enabling us to evaluate their success and failure
experience. In terms of the start-up related information, we gathered information on the
start-up’s valuations, total amount of capital received and employee growth.

As our next sequential research step, we then collected information regarding VCFs’
interventions, such as areas in which they actively advised their PFCs or provided other
value-adding activities, and their forecasts of the outcomes of the portfolio companies.
We sent our questionnaire by email to the 32 French early-stage VCFs in May 2006,
representing the complete early-stage venture capital market in the country at that time.
In order to maximize response rate, our questionnaire was accompanied by a letter
explaining the importance of the study, guaranteeing confidentiality and promising to
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share summary results. We also followed Dillman (2000) and sent reminders two and
five weeks after the initial email. Despite these steps, only two VCFs replied to our ques-
tionnaire within this time frame. However, 22 other VCFs showed availability to meet
us to reply to our questionnaire in person. Collecting questionnaires in this way enabled
us to additionally validate the consistency of the responses and obtain further informa-
tion about the VCFs’ investments by interviewing general partners.

By October 2006 we had collected responses from 24 VCFs, but one was excluded
due to incomplete information. In the end, we had complete information from 23 VCFs
(a 72 per cent response rate) regarding 300 start-ups they had financed; accordingly, this
study is one of the first to collect primary data on the entire portfolios of multiple VCFs.
All the VCFs had seats on the boards of the portfolio companies (according to the
VCFs’ financial reports), which ensured that they were knowledgeable about the compa-
nies. To assure that we collected information that was as complete as possible, we asked
general partners of VCFs to reply to our questionnaire regarding only the portfolio com-
panies on whose boards they were personally present. It is important to note that
although this information was collected from individuals (general partners), the forecasts
they indicated reflected the prediction of the venture capital firm as a whole. In their
responses, the VCFs indicated for each of these start-ups the likely exit mode and esti-
mated timeframe for each exit they predicted. In addition, the VCFs’ general partners
indicated the areas in which their VCF provided advice to ventures and connected them
to other potentially valuable agents in the market. In total, the VCFs’ value-adding
involvement covered 18 different areas (e.g., finance, strategy, marketing, human
resource management, business plan preparation, networking with experts, investors,
etc.) that we detail in our discussion of the variables below.

Because the central question of our study is to understand how VCFs’ ability to make
initial accurate forecasts (forecasts made upon first investment in a new start-up) is
related to the accuracy of revised forecasts of their ongoing investments, we conduct our
regression analysis of the VCFs’ revised forecast accuracy on those ventures that had
been in VCFs’ portfolios in 2006 for more than two years. While after two years the out-
come of such investments was still uncertain, the period of time that the focal VCFs had
spent on board was long enough to have revised their initial forecasts. As we defined ear-
lier in our paper, forecast revision may result in alteration of the initial forecast or may
lead VCFs to the conclusion that their initial forecast should be preserved. Earlier
research showed that individuals and organizations may commit both types of errors:
alter predictions that were correct and preserve those that needed to be changed. While
the information we gathered from the VCFs does not allow us to capture the direction
of the VCFs’ errors in forecast revision, we are able to measure if the VCFs’ forecast
reassessment was accurate or not. In our interviews VCFs confirmed that they tend to
rely on their initial forecast for up to two years after initial investment. After that time,
internal policy, often combined with a new investment round, lead VCFs to re-assess the
exit prospects of their portfolio companies. At the time of our data collection, 69 per
cent of the 300 start-up ventures were still in VCFs’ portfolios. Thirty-five per cent of
these ventures were recently made investments and therefore reflected initial forecasts
made by the VCFs. The remaining 65 per cent, or 135, PFCs reflected the VCFs’
revised forecasts, of which 114 consisted in IPOs or trade sales – the remaining 21 being
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MBOs and secondary sales. Therefore, our final sample included 114 ventures (backed
by 18 VCFs) projected to go public or be acquired by another firm that were still active
investments in 2006 and had remained in VCFs’ portfolios for more than two years. In
2011, via public online sources, we collected precise up-to-date information on the
actual VCF exit outcomes for these start-ups. Thanks to these internal policies, we can
therefore separate the accuracy of the revised forecasts of 2006 for each of the 114 firms
(our dependent variable) from the VCF’s initial forecasting ability measured on the
other firms in portfolio (our independent variable).

Dependent Variable: VCF Revised Forecast Accuracy

In order to estimate the VCF Revised Forecast Accuracy, we focused on those 114 ventures
that by 2006 had stayed in the VCFs’ portfolios for at least two years and for which we
had a revised forecast of the expected type of exit. IPOs or trade sales of start-ups in
VCFs’ portfolios in 2006 were expected to occur between 2007 and 2009. In order to
evaluate the accuracy of the VCFs’ revised forecasts made in 2006, in 2011 we collected
information on the actual exits that took place. We considered the revision of the fore-
cast accurate if the VCF exited via IPO or Trade Sale as reflected in their revised fore-
cast. We also took into account if the exit occurred during the predicted year (that
includes one year before or after the forecast year of exit). Because one of the key indica-
tors of VCF performance (and investments in general) is internal return on invested cap-
ital, which varies with the time that it takes to receive a pay-back (Kaplan and Schoar,
2005), it was important to consider not only the type of exit, but also the time when the
exit occurred. For instance, if a VCF general partner forecast an IPO in 2007, we con-
sidered the forecast accurate if the VCF did exit through IPO and it happened during
2006–08. Other type of exit, or an IPO after 2008, or no exit from the portfolio in 2011
(the case of so-called ‘living dead’ companies which remain in portfolio) were considered
as inaccurate forecast revisions.

Our dependent variable (VCF Revised Forecast Accuracy) is therefore coded as 1 if the
VCF managers correctly predicted the type, either IPO or Trade Sale, and period of
exit, and 0 if either or both criteria were not met. The overall accuracy of the VCFs’
revised forecast is about 20 per cent. While VCFs overestimated potential IPO and
Trade Sale exits after revising their forecasts, their ability to sort out potential IPO from
Trade Sale exits is high (80 per cent and above). The accuracy of prediction also varies
across VCFs: 14 made accurate Trade Sale forecasts, two made accurate IPO forecasts
and two VCFs made accurate predictions of both IPO and Trade Sale exits.

Independent and Moderating Variables

VCF Initial Forecasting Ability. The variable VCF Initial Forecasting Ability is estimated by
comparing the IPO and Trade Sale forecasts that VCFs reported for their newly made
investments (those start-ups that by the date of our data collection had stayed in the
VCFs’ portfolios for less than two years) with the actual exit outcomes collected in 2011.
If the predicted exit materialized, we coded the variable as 1, and 0 otherwise. By sum-
ming up the total number of accurate initial forecasts and dividing it by the total num-
ber of initial forecasts per each VCF, we obtained a proportion of initial accurate
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forecasts for each VCF. We then multiplied the number by 100 per cent to express it as
a percentage, for ease of use. While some VCFs correctly predicted up to 50 per cent of
exits upon initial investment in a start-up, others failed to make any accurate initial exit
predictions. As a result, VCF Initial Forecasting Ability captures the VCFs’ ability (or inabil-
ity) to make initial accurate exit forecasts.

VCF Syndication. Our first moderating variable, VCF Syndication, was measured as a
number of co-investors in a PFC together with the focal VCF. As a robustness test, we
also coded VCF Syndication as a binary variable equaling 1 if a VCF had one or more co-
investors and 0 if none. Such variable transformation did not change the direction or
significance of our findings and we report results with the number of co-syndicates.

VCF Value-Adding Commitment. In our questionnaire, venture capitalists indicated areas
in which they provided competent value-adding advising and network connections to
each start-up in their portfolio. It is common for start-ups to lack functional expertise in
one or more areas and, to some extent, this may be provided by VCFs via advising and
networking (Beckman and Burton, 2008). These value-adding services could be in such
areas as finance, strategy, marketing, human resource management, business plan, busi-
ness model, networking with different types of agents (Hsu, 2006; Sorenson and Stuart,
2008), public aid, recruitment of management talent (Boeker and Wiltbank, 2005), and
international management. From our literature review and our pre-test questionnaire,
we detailed 18 different areas of VCF involvement. The PFCs we interviewed consid-
ered such advising to be critical since most of them faced disadvantages in accessing
external knowledge of this sort (Almeida et al., 2003).

Respondents were asked to include only interventions that they deemed to be compe-
tent and value creating. On this basis, we refer to them as areas in which VCFs had
some relevant knowledge and capabilities, regardless of the frequency with which they
were deployed. To validate this further, whenever possible we asked respondents to give
additional explanation and clarification of the interventions they made and the value
these interventions added to the portfolio companies. We recognize that validating
capabilities using external or third party data is preferred. However, self-reported data
on specific resources and capabilities have been the norm in much of the literature
(Durand, 2003; Hall, 1993; Nag and Gioia, 2012). Scholars interested in understanding
the nature and impact of the VFCs’ competencies on performance of their portfolio
companies have followed this path (Busenitz et al., 2004; MacMillan et al., 1989). A
very high similarity of replies collected from VCFs and CEOs of portfolio companies
regarding the value of VCFs’ advising (Sapienza and Gupta, 1994) provide additional
evidence of the high reliability of the self-reported data in this context. Each area in
which a VCF implemented a set of (knowledge sharing) actions by advising a PFC was
coded 1 (0 otherwise). By summing up these binary variables to estimate the number of
areas in which each start-up was advised by a focal VCF, we obtained our final VCF

Value-adding Commitment measure for each portfolio company.

Controls

We controlled for a number of contextual factors associated with each start-up. First,
because traditional performance measures such as profit or sales growth are not suitable
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for early-stage start-ups, we relied on several other performance measures that were
established as most representative of ventures’ development. Consistent with prior stud-
ies (Fitza et al., 2009; Hsu, 2004; Lerner and Gompers, 2001) we use the change in com-
pany valuation between two funding rounds to control for the company performance.
Upon initial investment, this valuation occurs through a negotiated process between the
current company owners and new investors to the start-up. Therefore, the Start-up Valua-

tion variable is the percentage increase (or decrease) between the firm valuation at the
focal VCFs’ initial investment round and the start-up valuation in 2006. We obtained
this variable from the VCFs’ reports to their limited partners in which they were provid-
ing the update of each portfolio start-up valuation on a semi-annual basis. Because of
over-dispersion of this variable, after adding one to the variable to avoid negative or
zero values, we used natural logarithm to make the distribution of the variable closer to
normal. Because not all venture-backed startups generate profit or even revenue during
initial stages of development, a change in the number of employees over time has also
been considered as a reliable performance measure. Therefore, in line with earlier
research, to control for the start-up’s performance, Start-up Growth, we included the
change (logged) in the number of employees in 2006 compared to the year of the VCFs’
initial investment. We also accounted for some critical VCFs’ characteristics. We con-
trolled for the number of general partners in each VCF, VCF Team Size, to account for
the cognitive diversity and input that each VCF benefits from when making forecasts.
Because the accuracy of at least initial forecasting is influenced by failure experience
that encourages more in-depth review of the VCFs’ beliefs and practices, we controlled
for VCF Failure Experience, defined as the number of prior investments a focal firm made
that were liquidated, sold at a loss or declared bankrupt. Other variables were not kept
in models as not being significant: VCF age as well as start-ups’ characteristics such as
geographic location (in France or abroad) and sector of activity (information and com-
munication technologies versus biotechnologies).

Model

Considering that our dependent variable is binary, we relied on a probit regression
model to test our hypotheses (Hoetker, 2007). We compared the model fit for probit
and logit, using functions estimates store and estimates stats in STATA. AIC and BIC
values were slightly smaller for probit than logit, suggesting that probit was a slightly
better fit. Overall, our results are similar for probit and logit. We used robust standard
errors (Huber, 1967) in an effort to be conservative in our estimates, since robust stand-
ard errors are usually larger than non-robust standard errors, and clustered the errors
on VCFs to control for the potential differences among them. Because macroeconomic
conditions may influence the forecast accuracy, we used year dummies to control for
year effects at the time of VCFs’ initial investment in portfolio companies.

However, because our dependent variable is a limited dependent variable (LDV) (i.e.,
binary) we still have to interpret our results with caution before drawing final conclu-
sions. As several researchers pointed out, in regressions with a LDV, the significance of
coefficients of explanatory variables is not sufficient to draw conclusions about the
impact of the variables on the predicted outcome. That is because, unlike ordinary least
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squares (OLS) regressions, LDV models are nonlinear, meaning that an explanatory
variable’s marginal effect (the effect of a unit change in an explanatory variable on the
dependent variable) does not equal the variable’s model coefficient. Also, the marginal
effect in a LDV varies with the value of other variables in the model. For these reasons,
‘an explanatory variable’s coefficient can rarely be used to infer the true nature of the
relationship between the explanatory variable and the dependent variable’ (Wiersema
and Bowen, 2009, p. 628). Additional analysis is often required, and assessment of the
marginal effect and associated z-statistic value is best done graphically by plotting these
values against the predicted value of the dependent outcome. Following the procedure
suggested by Wiersema and Bowen, we relied on the predictnl STATA command for our
further analysis. The results of the analyses of marginal effects and z-statistic of VCF Ini-

tial Forecasting Ability and interaction coefficients with the VCF Syndication and VCF Value-

adding Commmitment were significant and had signs similar to our results in the probit
regression model. We do not report these graphs for the sake of brevity, but they are
available from the authors upon request. Taking into consideration these additional
analyses, we conclude that our findings of the probit regression model discussed below
are robust.

Endogeneity

It is important to recognize that the reasons why VCFs remain on the boards of some
companies longer than others are not random (Heckman, 1979). If the same non-
random factors influence VCFs’ decisions to keep companies in their portfolio and their
forecast accuracy, endogeneity is present, and the coefficients found in the regression
model predicting forecast accuracy may be inaccurate (Hamilton and Nickerson, 2003).
To correct for this potential endogeneity problem, we used a two-stage procedure simi-
lar to a standard Heckman model (Sartori, 2003). We calculate the Inverse Mills ratio
from a first-stage probit model, which in our case predicts whether a start-up was in a
VCF’s portfolio or not during 2006, the year of data collection. This dummy variable,
Portfolio Start-up, takes 1 if a VCF was sitting on a start-up’s board in 2006 and 0 if the
VCF had exited beforehand. By 2006, the year of our data collection, the VCFs had
exited from 31 per cent of the 300 startups in portfolio, or 93 of their investments. As
per the Heckman procedure, we include the Inverse Mills ratio in the second-stage pro-
bit regression model to account for the potential bias associated with endogeneity.

The logic behind this specification is that start-ups from which VCFs exited earlier
(before 2006) may have differed systematically from those that remained in VCFs’ port-
folios by 2006 in terms of some characteristics that we are unable to control in our
regression model. Since this difference could affect our results as VCFs try to predict
outcomes for start-ups that had not exited prior to 2006 (e.g., the outcomes for the ven-
tures in the VCFs’ portfolios in 2006 may be systematically harder or easier to predict),
our first stage uses data on all 300 start-ups to model the likelihood that a VCF was on
board with a given start-up in 2006 (Table II). We next introduced the Inverse Mills
ratio in our second-stage model to control for the potential endogeneity, predicting the
accuracy of the VCFs’ forecast revisions for our PFCs under consideration (Table III).
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RESULTS

Table I shows descriptive statistics for the sample and correlations. Correlation coeffi-
cients among other variables do not exceed 0.4, thus present low risk of collinearity.
Also, since none of the variance inflation factor statistics exceed 4, which is much
below the established threshold of 10, the collinearity should not be a concern in our
sample.

Table II presents the results for the first-stage probit model of the Heckman proce-
dure – a model predicting whether VCFs were on board or exited from a company by
2006. According to the Heckman method, we identified and included four variables
that influenced the likelihood of being in the VCFs’ portfolio but not the VCFs’ forecast
accuracy. These variables were VCF Age, Start-up Sector (ICT 5 1), Start-up Location

(France 5 1), and Start-up Age. The results of the first-stage model pointed out that older
start-ups, with a higher valuation, located abroad and operating in the biotech industry,
were less likely to remain in the VCFs’ portfolio.

Table III shows the results of second-stage probit regressions predicting VCF Revised

Forecast Accuracy regarding the type and time of exit of start-ups from their portfolios. We
included the Inverse Mills ratio from Table II for the startups under consideration.

We first introduce only the control variable of our probit regression in Model 1
(Table III) and then add our independent variable VCF Initial Forecasting Ability in Model
2 (Table III), test the moderating effect of the VCF Syndication and VCF Value-adding Com-

mitment respectively in Models 3 and 4 and present our full probit regression in Model 5

Table I. Correlation and descriptive statistics

N Variables 1 2 3 4 5 6 7 8 9

1 VCF Revised
Forecast
Accuracy

2 VCF Initial
Forecasting
Ability

20.156

3 VCF Syndication 0.001 20.001
4 VCF Value-adding

Commitment
20.062 0.012 0.252*

5 Start-up Valuation (ln) 0.161* 0.005 0.120 20.102
6 Start-up Growth (ln) 0.139 20.224* 0.025 0.169 20.002
7 VCF Team Size 0.098 20.090 20.144 0.126 20.175 0.154
8 VCF Failure

Experience
20.087 0.067 0.229* 0.200* 0.329* 0.117 20.055

9 Heckman value 0.061 20.125 20.003 20.247 0.534* 20.156 20.220 -0.101*
Mean 0.20 8.62 2.09 5.60 0.48 3.10 6.53 1.40 0.71
Std. Dev. 0.40 17.29 2.86 2.03 1.57 0.81 2.89 2.09 0.34
Min 0 0 0 0 0 0 2 0 0.08
Max 1 50 14 10 6.98 4.87 11 11 2.11

N 5 114, coefficients significant at p< 0.05 are marked with *.
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(Table III). As we can see from Table III, the coefficient for Start-up Valuation is positive
and significant (p< 0.01), suggesting that an increase in the venture’s value is associated
with a more accurate forecast revision. Likewise, the coefficient of Start-up Growth is also
positive but marginally significant (p<.10) in Model 1. The coefficients of these two vari-
ables suggest that overall VCFs are more accurate at predicting exits of better perform-
ing ventures. We also notice that the coefficient of the VCF Failure Experience is negative
and significant (p<.05). The Inverse Mills ratio (Heckman Value) is insignificant in Model
1, suggesting that endogeneity should not be a concern in interpreting our findings.

Model 2 shows support for our first hypothesis, which predicted a negative relation-
ship between the VCF Initial Forecasting Ability and the VCF Revised Forecast Accuracy: the
coefficient of the VCF Initial Forecasting Ability is negative and significant (p<.05), suggest-
ing that a greater ability to make initial forecasts reduces the ability to revise forecasts.
Before testing our moderating hypotheses, we mean-centred our variables to ease inter-
pretation of the findings. In our second hypothesis we predicted that the VCF Syndication

will positively moderate the relationship between VCF Initial Forecasting Ability and VCF

Revised Forecast Accuracy. The interaction coefficient is positive and highly significant
(p<.001) in Model 3, suggesting potential support for our second hypothesis. Finally, we
test our third hypothesis that VCF Value-adding Commitment will positively moderate the
relationship hypothesized in our first hypothesis. We first introduce the interaction term
in Model 4 and then present a complete model with two interaction terms in Model 5.
Contrary to our expectations, the interaction coefficient is negative and highly

Table II. Probit regression predicting the likelihood of start-ups to be in VCF portfolio

Variables Portfolio Start-up

VCF Age 20.263**
(22.69)

VCF Size (ln) 20.229†
(21.65)

Start-up Sector (IT51) 20.719**
(22.66)

Start-up Valuation (ln) 20.155**
(22.95)

Start-up Location (France51) 20.581*
(22.32)

Start-up Age (ln) 20.051*
(22.07)

Year Dummies Yes
Constant 4.388***

(24.85)
Pseudo R-squared 0.168
chi2 90.82***

N 5 300. z-statistics are shown in parentheses.
†p <0.10.
*p< 0.05.
**p <0.01.
***p< 0.001.

17Accuracy of Revised Forecasts

VC 2016 John Wiley & Sons Ltd and Society for the Advancement of Management Studies



significant (p<.001), suggesting that our third hypothesis is disconfirmed. As explained
above, we cannot rely on a single coefficient to determine support but need to comple-
ment our interpretation with a graphical representation. Both interaction effects are
graphically presented on Figures 1 and 2.

In Figure 1 we notice that the slope of the interaction between VCF Initial Forecasting Abil-

ity and VCF Syndication at 1 standard deviation above the mean is positive, whereas at low
levels of syndication (1 standard deviation below the mean) the slope of the curve is nega-
tive. As a result, the moderation effect of VCF Syndication is even stronger than we
expected since the negative relationship between VCF Initial Forecasting Ability and VCF
Forecast Revision becomes positive in the presence of a high number of co-investors. The
slopes in Figure 2 confirm that the interaction between VCF Initial Forecasting Ability and a
high level of VCF Value-adding Commitment (1 standard deviation above the mean) decreases
the likelihood of accurate forecast revision, whereas the interaction between VCF Initial

Table III. Probit regression of VCF revised forecast accuracy

Variables Model 1 Model 2 Model 3 Model 4 Model 5

VCF Syndication 20.002 0.052 3.259*** 0.126 19.30***
(20.01) (0.95) (5.86) (0.84) (24.62)

VCF Value-adding
Commitment

20.020 20.075 20.069 20.284 25.906***
(20.29) (20.88) (20.78) (21.40) (216.52)

Start-up Valuation (ln) 0.344*** 0.434*** 0.357*** 0.223* 0.340**
(3.85) (4.74) (3.38) (2.21) (3.24)

Start-up Growth (ln) 0.343† 0.239 0.316 0.234 0.343
(1.76) (1.16) (1.38) (1.13) (1.47)

VCF Team Size 0.074 0.051 0.087 0.026 0.075
(1.34) (0.92) (1.28) (0.41) (1.13)

VCF Failure Experience 20.197* 20.194* 20.179† -.046 20.201*
(22.02) (22.09) (21.90) (20.51) (22.09)

Heckman value 20.714 21.543* 21.278† 20.713 21.201
(21.52) (22.42) (21.79) (21.01) (21.62)

VCF Initial Forecasting
Ability

20.025* 26.012*** 23.377** 231.16***
(22.33) (26.65) (23.62) (225.99)

VCF Initial Forecasting
Ability * VCF Syndication

6.288*** 37.88***
(5.49) (24.62)

VCF Initial Forecasting
Ability * VCF Value-Adding
Commitment

210.99*** 211.42***
(219.28) (224.92)

Year fixed effects Yes Yes Yes Yes Yes
Constant 22.020* 21.140 24.719*** 21.847* 217.82***

(22.08) (21.06) (23.77) (22.14) (212.77)
Pseudo R-squared 0.146 0.176 0.241 0.195 0.265
chi2 26.72*** 54.28*** 701.1*** 1024.91*** 1172.8***

N 5 114. z-statistics are shown in parentheses.
†p <0.10.
*p< 0.05.
** p <0.01.
*** p< 0.001.
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Forecasting Ability and a low level of VCF Value-adding Commitment (1 standard deviation below
the mean) increases the likelihood of making a more accurate revised forecast.

In sum, we found that organizations with a higher initial forecasting ability are less
accurate than others at adjusting their forecasts over time. We also found that addition
of external knowledge (through expert partners, or co-investors) moderate this negative
relationship up to a point where it flips over the total effect as shown in Figure 1.
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Figure 1. Moderating effect of the VCF Syndication on the VCF’s ability to revise its forecast
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Figure 2. Moderating effect of VCF Value-adding Commitment on the VCF’s ability to revise its forecast
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Contrary to our hypothesis, we found that VCFs’ high value-adding commitment to
portfolio companies reinforces the negative relationship between initial forecasting abil-
ity and revised forecast accuracy. Adding internal information does not incapacitate the
self-efficacy, routine, confirmatory and heuristics biases that explain the main effect.

Given a relatively wide distribution of the VCF Value-adding Commitment variable, rang-
ing from 0 to 10 with a mean of 5.6, we also tried an alternative operationalization. We
created three distinct categories: VCF Value-adding Low Commitment if involvement was 1
standard deviation below the mean, VCF Value-adding Average Commitment if involvement
was within 1 standard deviation below and above the mean, and VCF Value-adding High

Commitment if involvement was 1 standard deviation above the mean. Similar to our pre-
vious findings, the interaction between VCF Value-adding High Commitment and VCF Initial

Forecasting Ability was negative and significant (p< .001). Interestingly, the interaction
between VCF Value-adding Low Commitment and VCF Initial Forecasting Ability was positive
and significant (p<.01), suggesting that having no or a very low level of involvement in a
PFC can help VCFs achieve a more objective vision of the venture’s future develop-
ment. This result and our prior finding that goes against our Hypothesis 3 may lead to
an alternative explanation: high levels of value-adding commitment lead VCF managers
to develop emotional attachments to ventures together with initial beliefs about the out-
comes of these ventures, introducing an important bias into forecast revision. We also
conducted an additional test to examine if VCF Syndication with others could help over-
come the negative impact of VCF Value-adding Commitment on forecast revision accuracy.
Results of a three-way interaction showed a negative and significant coefficient (p<.05),
suggesting that syndication was not helpful in coping with potential attachment bias of a
VCF instilled by a higher level of VCFs’ value-adding commitment to PFCs.

DISCUSSION

The fundamental question we address is whether a firm’s superior initial forecasting
ability facilitates or hinders accurate revision of forecasts. As knowledge exchange with
experts and direct information access help redress biases, we investigate whether these
two factors moderate the main relationship between initial forecast ability and revised
forecast accuracy. We test our hypotheses using a unique dataset of VCFs for which we
have the revised forecasts of exit outcomes for startups in their investment portfolio, the
degree of syndication for each start-up in portfolio, and the value-adding activities
deployed by the VCF in each start-up.

We find that a higher initial forecasting ability is negatively associated with revised
forecast accuracy, and that this relationship is positively moderated by the degree of
external (expert) knowledge (to the point that the relationship becomes positively ori-
ented) but, contrary to expectations, negatively moderated by direct engagement of the
VCF with the start-up. These findings contribute to the literature in several ways.

Initial vs. Revised Forecast Trade-off

First, we theorize and examine organizational forecasting in terms of its two distinct fac-
ets that have not been examined concurrently previously: initial forecasting ability and
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the accuracy of revised forecasts. Drawing on forecasting and decision-making litera-
ture, we postulate and find evidence that inertial pressures resulting from effort and
time committed to developing one’s initial forecasting ability leads to self-efficacy bias,
confirmatory bias and heuristics’ use that undermine the ability of organizations to effec-
tively revise their forecasts. We therefore extend the forecasting literature by highlight-
ing a potential trade-off that organizations encounter between investing time and effort
into initial forecasting versus dedicating attention and resources to noticing, interpreting
and collecting new signals and information enabling forecast revision. While earlier
research focused exclusively on individuals’ commitment to initial beliefs as a barrier to
subsequent belief adjustments, we extend this research by showing the degree to which
the effort and resources committed to developing a superior organizational initial fore-
casting ability may create resistance to effective forecast adjustments.

In addition, despite recognition that judgemental forecasting is an essential organi-
zational activity, knowledge about forecasting is primarily informed by lab experi-
ments at the individual level or from very specific empirical settings that may not be
generalizable. Rare studies, such as Makadok and Walker (2000), seek to understand
if forecasting activity can be considered an organizational competence and explain
superior organizational performance. These authors examined forecasting activity in
money funds and found that more accurate forecasting significantly increases appro-
priable economic returns and fund size. Our study follows this path, and contributes
to the forecasting literature by extending research on forecasting revision at the
organizational level.

The Positive Role of Syndication

Our study also contributes to the literature on venture capital syndicates (De Clercq
et al., 2008). Earlier research emphasized the benefits of complementary knowledge of
syndicate partners as a way to access a higher quality deal flow (Sorenson and Stuart,
2008) and benefit from a better selection process and richer knowledge to add value to
PFCs along the way (Brander et al., 2002). Other studies examined VCFs’ decision to
enter a syndicate (Manigart et al., 2006), the effect of syndication on VCF performance
(De Clercq and Dimov, 2008) and the structural and behavioural antecedents of syndi-
cates (Wright and Lockett, 2003). The key assumption of these studies is that a partner
possesses a stock of valuable knowledge that the other partner can access or learn from
by assimilating it with its own knowledge base and that this leads to subsequent perform-
ance improvement.

We add to this literature by providing evidence that more syndicate partners help a
VCF with a higher initial forecasting ability to reestimate correctly the exit outcomes of
its PFCs. Collectively, a larger syndicate will have a higher cognitive ability to redress a
VCF’s biases and help identify, process and integrate new signals and information into
more accurate forecast updates. Our findings address an important issue of the power of
initial forecasting ability as an anchor (Kahneman and Lovallo, 1993) to subsequent
effective revisions of forecasts. Our findings show that such anchoring bias can be over-
come by co-investing with other syndicate partners. Because a higher number of syndi-
cate partners are likely to bring more diverse and opposite perspectives on the outcomes
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of ventures, a high number of co-investors can particularly serve as an effective filter of
the VCFs’ initial forecasting abilities and beliefs.

The Dark Side of Commitment

Agency and resource dependence theories suggest that VCFs can provide effective mon-
itoring and value-adding services to their ventures (e.g., Bussgang, 2010). Indeed, VCFs’
representatives have been predominantly portrayed as highly knowledgeable board
members who understand the evolving nature of firms and the industries they invest in
(Ozcan and Eisenhardt, 2009). Prior research argued that the higher the VCFs’ commit-
ment to the PFC via intensive advising and other value-adding roles such as network
sharing and personal coaching, the better will be the outcome (Hsu, 2006; Junming and
Chia-Yu, 2008). While De Clercq and Sapienza (2006) recognize that commitment
reflects an emotional dimension and a proactive effort, they admit that it is difficult to
empirically test the extent to which VCFs’ predictions or expectations will be affected by
such commitment.

Our study is therefore one of the few to uncover the ‘dark side’ of the VCFs’ value-
adding commitment to PFCs. At the intersection of the dynamic theory of organiza-
tional knowledge creation (Nonaka, 1994) and decision-making literatures, we show that
a high level of value-adding commitment on behalf of VCFs reinforces the rigidity of
VCFs’ initial vision and prevents effective forecast revision. Contrary to our expectation
that access to private information will help curb the biases experienced by VCFs with a
better initial forecast ability, we found that a higher commitment leads to less accurate
forecast revisions. One possible explanation is that VCF commitment promotes affective
or emotional attachment of VCFs’ members to startups they invested in. This can inter-
fere with an objective evaluation and become a source of bias. For instance, earlier
research showed that affective attachment tends to reinforce previously held beliefs mak-
ing it particularly challenging for individuals to abandon or review their earlier expecta-
tions (Adomzda and Baron, 2013). Such emotional attachment may be further
reinforced by social costs (Goffman, 1959) that a VCF would have to incur by decreas-
ing or withdrawing from its value-adding commitment to PFCs. Since people in organi-
zations strategically manage impressions and aim to appear competent to their peers
and partners, a VCF may persevere in its value-adding commitment to avoid social ten-
sion with PFCs and syndicate partners. Moreover, VCFs are known to overestimate
their ability to add value to PFCs that may provide additional explanation for our find-
ing. Because such emotional factors, overconfidence, and over optimism contribute to
escalation of organizational commitment (Sleesman et al., 2012) – sticking to a given
course of action even in the face of evidence that is suboptimal (Staw and Fox, 1977) –
an active value-adding role may further reinforce such tendencies (Guler, 2007). All in
all, gaining internal information about ventures does not help VCFs readjust their
forecast.

As such, our study speaks to the growing stream of research examining the micro-
foundations of dynamic capabilities (Augier and Teece, 2009; Felin et al., 2012; Teece,
2012). We study forecasting at the organizational level – exploring how external and
internal information sources alter the effects of initial forecasting ability on forecast
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revision. While our study is at the organizational level, it is influenced by theory at the
individual level as well, thereby illuminating a key organizational activity that future
research on the micro foundations of dynamic capabilities can explore by disaggregating
organizational and individual effects of a firm’s forecasting capability (Durand, 2003;
Vergne and Durand, 2011).

Practical Implications

Our study reveals substantial heterogeneity in forecast accuracy: while some VCFs have
erroneous exit expectations about their PFCs, others are able to accurately predict the
exit outcome of as many as 50 per cent of their investments. Our results draw attention
to some important factors that may undermine VCF managers’ forecasting accuracy.
Specifically, VCF managers should be aware that the better they are at identifying tar-
gets and forecasting PFCs’ exit originally, the more they need to adjust their later stage
forecasting. Self-efficacy bias, reliance on routines, confirmatory bias and use of heuris-
tics need to be actively fought.

Syndication with other investors appears to help VCFs revise their forecasts more
effectively. As a result, VCFs should be encouraged to seek other expert opinions. More-
over, VCF managers must be cautious about the counter-intuitive effect of a ‘hands-on’
policy vis-�a-vis their PFCs. VCF managers need to be aware that an extended value-
adding commitment to PFCs may increase psychological attachment to the ventures,
reinforce the anchorage around initial expectations, and undermine efforts to effectively
reassess the PFCs’ exit outcomes. This, in turn, may lead VCF managers to direct their
effort toward the wrong outcomes (e.g., type of exit), which may compromise the firm’s
expected return. VCF managers should therefore carefully manage their value-adding
involvement with PFCs. Finally, our findings have important implications for PFC
CEOs. They point to some important limitations that their VCF may have in correctly
assessing the best suited exit route. CEOs should therefore consider viewpoints of differ-
ent investors and other partners when it comes to directing their venture toward one
exit outcome over another.

Limitations and Future Research

Our hypotheses were tested in the context of venture capital firms’ forecasts of the types
of exit pursued by their portfolio companies. While we believe that both this empirical
context and our data were highly suitable for examining our research question, the
extension of our findings to other contexts should be done with some degree of caution.
It is possible that organizations from different industries are subject to more or less cog-
nitive rigidity than VCFs when making forecasts. Also, VCFs are relatively small organi-
zations, and not only should our findings hold, but they may possibly have a bigger
magnitude in larger organizations or in organizations operating in less dynamic environ-
ments. Replicating our study in a different setting could provide some additional insights
on the research topic.

We also recognize some methodological limitations of our study. First, while we have
taken recommended steps to control for potential endogeneity problems and the Heck-
man value is insignificant, future studies should draw on longitudinal data to account
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for potential endogeneity more effectively. Second, we have 18 VCFs, each with differ-
ent numbers of PFCs. Other models would be desirable with a larger sample of VCFs
and more observations for each. Despite this weakness of our data, we conducted exten-
sive robustness tests that reinforce the validity of our findings. Future research should
investigate the antecedents of initial forecasting ability, and those of forecast revision
accuracy beyond what we already found.

Our study does not address goal congruence between the investor and the PFC. How-
ever, goal congruence is one of the critical factors that shape VCF-PFC relationships
and performance (De Clercq et al., 2013, 2014). Future work would add significant
knowledge to the field by examining how goal congruence between the parties influen-
ces forecasting ability and revised forecast accuracy. Also, because CEOs of PFCs may
use impression management techniques to influence investors, the extent to which such
techniques have impact on VCFs’ predictions could be worth examining.

Understanding what characteristics of syndicate partners contribute more meaning-
fully to VCF forecasting is another potentially fruitful area for inquiry. While our results
reveal significant benefits of syndication for VCF forecast revision, it is possible that
some syndicate partners, such as more or less experienced ones or those that have prior
investment history with the focal VCF, will have a more positive impact than others.
Understanding this phenomenon at a more fine-grained level would also illuminate
more precise recommendations for practitioners.

Finally, admittedly our study is one of the first to examine organizational forecasting
in a way that captures some of its key constituents (e.g., initial forecasting ability and
revised forecasts) and the relationships between them. In this study we focused on VCFs’
type of exit forecast, which is one of the essential strategic forecasts that VCFs make. In
the future, scholars could collect data on other forecasts that VCFs make and try to
understand if and how their forecast accuracy varies in terms of indicators they try to
predict. Also, scholars could embrace the challenges of collecting forecasting data longi-
tudinally and bring insights on the dynamics of organizational forecasting over time.
Doing so would enable to build a more complete model of this essential organizational
capability.
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