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innovation efficiency is not directly observable, a latent variable is utilized. The idea is is followed that different forms of
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Who innovates longer: Efficiency in R&D, Technological Exit and the Role of Techno-

logical Knowledge — Evidence from German Innovators

Abstract

This paper deals with the long tereficiency of firmi's innovation activitiecs and the chaca
teristics of a firms technological knowledge base as drivers of innovatiorieeffiz Starting
from the beginning of the technological life cycle for phottaic technologies (PVTS) in
1964, the innovation efficiey in PVTs is analyzed for 294 German frms until 2012. A hove
approach is employed in order to determine long term innovaficency at the firm level.
Since innovation efficiency is not directly observableaint variable is utiized. The idea is
is folowed that different forms of firmstechnological exit can be associated with different
innovation efficiency levels. Applying an ordered probit mod® a two-step maximum &k
lihood selection ordered probit estimation model, the role of adazhical knowledge fornk
novation efficiency is highlighted. By considering rpléti sources oh sample selection bias,

the representativeness of the applied concepts and teel gesults are discussed.
Key words: R&D efficiency, eficiency measuremetgchnological diversification, technological knoaige,

knowledge synergies.

1. Introduction

The Resource based view (RBV) highlights technologicalMadge as an important strategic
frm resource (Wernerfelt 1984, Barney 1991, Petraf 1993). Thewveas true for low tech
firms since technological knowledge, at least to a cert@reeleconstitutes the basis for pro-
duction process of products and services (Patel/Pavit 1997)in@ubn these arguments,
Grandstand (1998) develops the concept of the technology based(T@&y of the firm,
which puts emphasis on high tech frms and the strongetiive relevance of their techno-
logical knowledge base. According to the TBV, a diverse teoyinal knowledge base is the
core of proftable innovation and competitive advantadereby, the competitive value of a
firm’s technological knowledge base is affected by dynamic changes. Technological deve
opments accompanied by technological progress, increased prttligbrocess complexity
(Grandstrand/Sj6lander 1990, PatelPavitt 1997), technology f(Kiodama 1986) and the
evolvement of platform technologies (Kim/Kogut 1996) requirdirra’s dynamic capability

to continuously reconfigure and renew its existing ressurand especially its technological



knowledge base (Eisenhard/Martin 2000, Teece 2007). A promisatggstrfor dealing with
these dynamics and for ensuring long term innovativeaesls competitiveness is addressed
by the concept of corporate technological diversification. Atiegrto this concept, a firm
should concentrate on technological areas with the mokhdiegical and economic potential
in the present. Simultaneously, it is necessary to telooa expand innovation actiities into
new technological areas when time has come. Time has, oohen the potential withinse
tablished technological areas begins to declne or prom@aigntial within nely evolving
technological areas arises.

Several scholars have given empirical proof of a posittecteof technological diversifa-
tion on frm performance indicators ke market value (Bi&sviotti 2006) and on innovation
performance indicators lke R&D expenditures, patents, patéations, publications and
publication citations (Garcia-Vega 2006, Leten et al. 2007). Ajthdraditonal performance
studies on technological diversification sensitize for ithportance of technological entry and
technological knowledge accumulation at the firm levdl, oflthem suffer from at least two
substantial shortcomings. Fiyst they abstain from an explicit post technological enieyvy
Long term efficiency of innovation actvities within wlg entered technological areas is not
explicity addressed and works just as an implicit basiangs®n. Secorlg, an exclusive
focus is on technological entry as process of effecteatgring new technological areas. Exit
from technological areas as disinvestment strategy itttesta widely under-researched d
mension of technological diversification.

This paper combines and addresses both research gaps eougkanlt goes beyond prior
findings by focusing on innovation efficiency from a pdsthnological entry view. Techno-
logical exit asa consequence of long term innovation inefficiency is eapliconsidered.
Emphasis is on the following two research questions: (¥) tAere differences in the effinie
cy of firms’ innovation activities after entering a new technological area and how can they be
assessed empiricély As a second step, an evaluation is made whether teabablog
knowledge is really on the core of efficient innovatiorpasposed by the RBV and TBV. It is
examined (2) whichcharacteristics of a firm’s technological knowledge base increase or
hamper the efficiency of innovation activities withimew technological field.

The paper proceeds as follows: Chapter two highlights the chalenges arising from inno-
vation efficiency measurement and the shortcomings dficeiesuggested by existing lier
ture. In chapter three the applied data and the novebdwtigical approach for specifying

innovation efficiency and its technological knowledge oegntdeterminants are introduced.



Subsequently, the descriptive statistics are presenteditsRase reported and discussed in

chapter four. Chapter five closes with a conclusion.

2. Innovation efficiency and technological exit

A major chalenge concerning the empirical analysis dviation efficiency in the context of
technological diversification arises thorough a proper aswss of innovation efficiency. In
general, no broadly accepted metrics exist. The product develomyee timeis one of the
most popular and often applied efficiency indicator for innoragctivities (Grifin 1993).
Thereby, short cycle times are associated with incremsedation efficiency. However,ye
cle times reveal nothing about the economic value of @tieme or their associated efficie
cy in terms of output/input relations. Especialy the pautypbvious and intangble, multd
mensional and complex character of the innovation outpdt ieaa limited determinability of
eficiency in form of output/input relations (Pappas/Remerl9&9though there are several
output related efficiency indicators proposed by scholars, asclthe number of successful
innovation projects per number of faled innovation projects, discounted sum of all future
project paybacks in relaton to of the sum of all innovagmoject related investments
(McGrath/Romeri 1994), patents grants per R&D expendituresngDet al. 1999), R&D
spending per patent (Bowonder et al. 2000) or patent citatonsRREr expenditures
(Lin/Chen 2005); all of them are strong simplifications aadostain form a comprehensive
assessment. Innovation efficiency is a considerably moraplex construct which is difficult

to determine since:

e it is determined by and finds manifestation within multiple etisions (e.g.Hf
nancial, technical, customer, competition, organizationalpzatotti et al.
2011);

e it is determined by and finds manifestation on differemelde (e.g. project ‘e
el individual level, team level, firm level) (Kim@h2002);

e it is characterized by process dependency. Innovation ocdtma diferent
phases. The efficiency of one phase effects the efficiehswbsequent phases
and thus, the efficiency of the whole innovation proj@dia( et al. 2002);

e it is characterized by objective and easiy quantifisdements (e.g. financial
figures) (McGrath/Romeri 1994) and qualtative elementichwhare difficult to
measure(Kim/Oh 2002, Pilai et al. 2002);



e it is determined by the interplay of interdepamdsystems (e.g. input, process,
output system) with different requirements (e.g. assetssopmel, organa-

tional) and efficiency (Garcia-Valderrama 2005).

In this paper, a novel frm level indicator for long ternmovation efficiency within newly
entered technological areas is applied. Characterizing tienmy innovation efficiency aseb
ing not directly observable, technological exit is usedadstent variable for long term inno-
vation efficiency measurement. Technological exit fromeehnological area is considered as
a consequence of long term innovation inefficiency. Oinka certain efficiency level within
technological areas can be realized, continingvation activites are to be expected in the
long term. Innovation efficiency is at the core of susftésnnovation activities, at the owe
al firm level as wel as within single technologicateas. If a sufficient efficiency level of
innovation activities within a technological area is neached in the long term, a release and
realocation of the committed scaraesources like personnel and financial resources wil
most likely lead to more efficient resource allocations. Twhnological exit based concept
alization of long term innovation efficiency furthermoedows the implicit consideration of
all possible static and dynamic dimensions of innovatidioiegicy.

Taking a step further with the core argument of tedgwl exit as suitable approach for
innovation efficiency assessment implies that differemdes of firms’ technological exit
may be associated with different innovation efficiencyelle As a consequence, the ordinal
eficiency information linked to persistent innovatorsd adifferent technological exit types is
exploitable for analytical purposes fitting the requiresienit an ordered probit metl A la-
tent innovation efficiency variable can be deriveBor determining different levels of inrev
tion efficiency within one single technological areae fitechnological exit types are ftiis
guished. (1)Peasistents: Persigts are frms which have not yet left the technologiaa.
They continuously conduct innovation activities after enterangtechnological area. For these
frms, the expected long term efficiency is sufficidat justify the continuation of innovation
activities within a technological area. (2) M&AS$his exit mode covers all cases oémgers
and acquisttions, leading to technological exit of the atiginm. Although firms which are
subject to a M&A exit are not active (independent) intargaanymore, their innovation eéff
ciency is assumed to be as high as for persistentstslighdly below. It can be expected that
only those frms are targeted which show a suffigiehijh innovation efficiency level within

their technological areasn this context, DeTienne (2010) shows that, at leaseitain high

! The idea of using ordinal information about firailidre for profitabilty assessmentwas initiallpggested by
Kriiger and von Rhein (2009) in the context of iniatdynamics and industrial life cycle researthe authors
assume a latent relationship between differentdoofhmarket exit and different degrees of firm adfility.



tech industries, reaching innovation excellence and Hesng acquired by an incumbent firm
is a delberate strategy for startup and spin-offsfirifhe re-integration of subsidiaries and
collaborative organizational forms are also included. R8lated out-diversificatiowomprises
all innovators which terminate innovation activitiesthini a technological area and continue
innovation activities within related, famiiar or newcheological areas. Technological areas
are considered as related if their underlying knowledgesbage characterized Isynergies in
form of complementarities or simiarities (Breschi ét 2003). For frms which pursue related
out-diversification, the long term innovation efficienagvel in the concerned technological
area is not expected to be high enough for satisfyingnamgti innovation activities. Howe
er, it is sufficient to alow the exploitation of knowledggnergies in related technological
areas. An (¥ unrelated out-diversification is pursued by innovators whéchihate innoa-
tion activites within a certain technological aread acontinue innovation activities within
unrelated, famiiar or new technological areas or wh&minate all innovation actvites and
focus on imitation or non-innovation based business adlvilidhe expected long term inno-
vation efficiency does not justify ongoing innovation a&s within the concerned or even
related technological area. Nevertheless, after temjical exit, at least some general
knowledge and resources can productively be used in unrdiatétological areas, e.g.
knowledge concerning the management of multiple projdait@ratory equipment or supplier
networks. The last exit type &) total firm exit which include all forms of overallrfr fai-
ure, namely liquidation and bankruptcy. The expected long fenovation efficiency for
frms which pursue a total firm exit is not sufficietat justify the continuation of any innca

tion activity.

3. Dataand M ethodological Approach

The analyses carried out in this paper set a techndldg@ma#s on entry, exit and innovation
efficiency within the technological area of photovoltagzhinologies (PVTs). This is espécia

ly meaningful since PVTs are stil in the growth gha$romising future technological and
market potential stil exists. Focusing on such a nommmatechnology reduces exogenous
impacts on innovation eficiency which lie beyond the sphef a firmis influence. Possible
exogenous impacts areimihishing technological potential caused by obsolescence of
knowledge or shrinking market potential on the output side abintdogy application. Patent
applicatons as a commonly accepted indicator for innovati@h taohnological knowledge
are used. Especialy in PVTs patents are considered astamipstrategic mean to protect
innovations (Braun et al. 2010, Breyer 2012). The observatiois st#h the beginning of the



technology life cycle for PVTs in Germany in 1964, where filst PVT patent was applied
by a German frm. Al German frms which applied for eadt three PVT patents between
1964 and 2012 are considered, leading to a sample size of 294 mWatdns> Patent data
was colected from PATSTAT and DEPATISPVTs are defined in conformity with the
WIPO Green Inventory (GI) Scheme. The Gl is a hidweat scheme which differentiates
alternative energy production technology groups and thdiordimated technological areas
by IPC classes. According to the Gl, PVTs constitute depiendent technological area hwit
in alternative energy technologies. On the overridingl,lePVTs belongs to the technological
group solar technologies. Patent data was completed with dad¢al ¢y an extensive review
of the historical background of all sample firms. A variefysecondary sources lke official
trade registers, trade publications, commercial frm ergisfrom Hoppenstedt, Buergel and
LexisNexis, web material and the BSW member list wesedu For every firm, the year of
foundation, connections to other firms, changes of the ndmeegal status, the location, and
the ownership structure were identified. Companies wtignged their name, legal form or
headquarter within Germany during the observation periog Wweated as continuing entities.
For all sample firms, the year of the first PVT applivatwas treated as year of technological
entry. Necessary data was gained from multiple sources.teEbnological exit the following

methodology is utilized:

3.1. Conceptualization of different technological exit types

Al sample frms were assigned to one efficiency lembich could be (1) Persistents, (2)
M&A, (3) related out-diversification, (4) unrelated out-dsiécation or (5) total firm exit.

Data on persistent, M&A and total firm exit modes is basedsemondary data gained form
official trade registers, trade publications, commerciah fregisters lke Hoppenstedt and
Buergel, LexisNexis, web material and the BSW membér “isFor the case of out-
diversification, the year of the latest PVT patent apjioaplus eight years was considered
as year of out-diversification. Related out-diversification wecwhen at least one patent in a
PVT related technological area was applied for withintemglars after the last PVT-patent. A
patent application is treated as PVT related if one or robrks associated IPC classes fall
into at least one technological sector which also compaseleast one IPC class whiah
defined as PVT by the GI. Technological sectors are diffated by the ISI-OST INPI da

2 German firms are all firms with Head Quarter inr@Geny.

3 EP and DEpaent applications are considered. DEPATIS is then@a patent office. The combination of both
data sources enhances data validity, especiallyeirearly years of the observation, before theldistanent of
the EPO in 1978. Data was matched manually.

*BSW (Bundesverband Solarwirtschaft e.V.) is then@a association for Solar.



sification developed by the WIPO (Schmoch 2008). Unrelated weesdication covers all
cases in which a frm does not apply for any patents orfanigon PVT related patents it

in eight years after the last PVT-patent.

Applying this methodological approach results in a situatitere the exit type is onlyed
terminable for marked oriented technological exits (totd#t end M&A) untl 2012. In co-
trast, technological out-diversification types and the gtersi type are only vald observable
for frms which enter before 2005, takiige eight year window of out-diversification into
consideration. For later entering firms, the correct exit type is determinable in the sense
of not yet being observable. In consequence, this leads talii®nt observation samples:
(1) The selection sample which includes only those fionswhich the unobservable outcome
(innovation efficiency) is determinable by the observalkent variable (technological exit
type); (2) the full sample which also includes firms Vidnich the unobservable outcome is not
determinable by the observable latent variables becaustedheological exit type is not yet

observable.

3.2. Dependent Variable

The dependent variable, namely the long-term innovatifisieredy of an innovator in PVTs,
is an unobservable variable. It is measured by the castigori of different technological
exit types as latent variable. The ordinal information rioehiechnological exit types isx-e
ploited to assess different levels of innovation efficien8g discussed earler in chapter 2,

the following rankings with regard to the innovationcéfincy (IE) level are proposed:

Ranking I:
IEPersistent innovators — IEM&A > IErelated out—diversification >
IEunrelated out—diversificaton > IEtotal firm exit.*
And
Ranking I:

> [Eygs > IE >

related out—diversification

IE

IEPersiste nt innovators

> IE

unrelated out—diversificaton total firm exit.-

® The year 2012 is the most recent year for whictvdiversification can be determined. Taking a tilg up to
18 month between the formal patent application thedcappearance of this application within patenabases
into account, later years are not valid at the timmeere the study was conducted.



3.2. Independent Variables

There are two connected research aims of this study. sidenghe empirical assessment of
innovation efficiency differences between firms withdwatving data on innovation efficiency
(dependent variable), the research interest is on talysianof technological knowledge as
core determinant of innovation efficiency, as proposed by B¥ &d the TBV (independent

variables). Thus, the following technological knowledge atdes are considered in the- o

dered probit estimation models:

Pre-entry related technological knowledge: The stock of knowledge and experienceuacc
mulated by a firm within PVT related areas before emeRVTs is expected to contribute
posttively to innovation efficiency within PVTs. Severstholars have shown that related
diversification outperforms unrelated diversification beeawus knowledge based economies
of scale and scope, resuling from efficiency enhancingngat for knowledge synergies.
This potential is realzed in form of knowledge spilovers avoss fertiization (Piscitello
2000, Breschi et al. 2003, SuzukiKodama 2004, Nesta/Saviotti 2005, Ltet@n 2007).
Within this study, different quantty and qualty leebf a firmis prior technological
knowledge are considered by different technological entrystyjpre total, five entry types are
considered by dummy variables: (1) De novo entrants arfenal which enter PVTs within
five years after foundatich.De novo entrants possess no prior technological knowledge. (2)
Spin-offs are all academic and private spin-offs. Foundecsinaulate knowledge and expe
tise rom R&D and marketing of their parents during their prior employmdiiis often
buids the basis for the spin-offs innovation activitesgéhwal et al. 2004). Therefore, spin-
ofts are assumed to buid their PVT innovation activites pre-entry core PVT knowledge
and on related PVT knowledge. (3) Parents-linked entrantgwareators which are ecome
ically associated to an incumbent firm but legaly indepeh form the incumbent. In general,
parents-linked entrants have access to phent’s technological knowledge stock which is
frequently at least to some degree related to the pdried-entrant’s innovation activities.
Within a strategicaly intended swap out of certain innovationviges into newly founded
stbsdiaries, often also some core technological knowledge for trentpsowned innovation
activities is transferred. Thus, parents-linked innogatare associated with pre-entry related
and core technological knowledge. (4) Related diversifietar éfVTs at least six years after
foundation. Eight years or less before entering PVTg épplied at least for one patent tela
ed to PVTs. (5) Unrelated diversifiers enter PVTs at Isastyears after foundation. Eight
years or less before entering PVTs, they applied only fof Belated patents or for n@p

® Entry is realized in the year of the first PVT @atapplication.



tents overall. According to the out-diversification expdydetermination in chapter 3.1, hec
nological relatedness is considered by the ISI-OST IN&dsiitation. Table 1 ilustrates the

matches between exit types and entry types.

Table 1. Exit types per entry type.

De Novo Rel. Div Unrel. Div Par ents- Spin-Off Sum
linked

Per sistent 7 37 4 13 7 68
M&A 12 7 3 9 2 33
Rel. Div-out 9 22 3 5 1 40
Unrel. Div-out 13 8 0 0 28
Total exit 24 4 2 0 30
n.a 21 35 21 12 6 95
Sum 86 108 43 41 16 294

PVT innovation expertise and experience: Organizational learning theory suggests thet b
yond the accumulation of experience from innovation ssfidesctivities, even learning
from failures contributes significantly to the genematiof superior knowledge within a tec
nological area. Once a frm begins to innovate within VA path dependent learning pro-
cess is initiated As innovation activities within a technological area a@ase, a firm becomes
more and more famiiar vitthe relevant dynamics and developments, chances ands taieat
well as its technology specific strengths and weaknesBas accumulated knowledge and
experience may puh firm ahead of competitors’ innovation activities (Argyris/Schon 1978).
The longer and the more intense a firm conducts inoovatctviies within PVT, the higher
the expected superior PVT knowledge is from faiure andessccWith a higher stock ofi-s
perior PVT knowledge, higher innovation efficiency is to bgeeted. Two origins of PVT
experience and learning are considered. Nsirghe intensity of PVT innovation activities by
the average number of PVT patent application per yeahithva firm conducts PVT innav
ton (yPVTpat). Secony, the natural logarithm of the duration of PVT innovatianiviies,

reflecting learning curve effectdn(PVTdur)).

Control for Industry affiliation: PVTs are appled within diverse industries. Differedian
trial settings and industry specific productivity levelmy affect the PVT innovation efficie
cy of a frm. This holds particularly true for service inmies where innovation and patenting
intensity might be significalgt lower compared to non-service industries. A dummy variable
is introduced to control for this effect. It takes the evatif one if a firms industrial affiiation

is not a service industry, O otherwisg rfonServ).
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Control for firm size/lage at entry: Furthermore it is controlled for impacts on innovation
eficiency resulting from the firm size A significant proportion of the sample firnis chara-
terized by a small and medium size. Since these firmsnat affected by disclosure olalg
tion, continuous data on firm size like revenue or numberngiloyees is not publicly aeil
ble. This is particularly challenging for frms which dot exist anymore. Assuming a pos
tive and strong correlation between firm size and fir@ é€vans 1987), the natural logarithm
of the firm age when entering PVTs is included as ayptoxcontrol for a possible bias rdsul

ing from size effectsliri(entry age).

3.3. Descriptive Statistics
Table 2 reports the descriptive statistics for the fulh@a as well as for the selection sample.

The full sample comprises all firms which enter PVTéaMeen 1964 until 2012, independen
ly from the observabiity of the exit type. The selectiamgle covers all frms which enter
from 1964 untl 2004. For all of these firms, the exit type iema@bable. Firms which enter
later than 2004 are only considered if their exit type whservable. This is the case for
M&A and total exits. In total, 294 frms fall into the fdample and 199 frms into the sele
tion sample. For both samples nearly 80 percent of the frex\@ associated to servige i
dustries. The duration of innovation actvities within RVi§ lower for the ful sample whilst
the average age at entry and the average number yf AT patents is higher within the
ful sample than within the selection sample. The composadf entry types differs slightly.
In both samples related diversifiers constitute 37 peraahtspin-offs 5 percent of all entries.
A minor change occurs for parents-linked entries, whictoaa for 14 percent of all entries
within the full sample and for 15 percent of all entriethinvthe selection sample. A more
intensive dynamic becomes obvious for de novo frms and tedeldiversifiers. In the full
sample 29 percent of all entries are de novo, compared to 33plercthe selection sample.
Unrelated diversifiers realize a share of 15 peraerihe ful sample and 11 percent the
selection sample.

Table 2. Descriptive Statistics.

Full Sample Selection Sample

N 294 19
Share d_nonServ 78.6% 78%%
In(dur ation) 2.00 2.23
In(age) 2.35 2.24
yPVT patents 1.70 134

Share Share
De Nowo 86 29.3% 65 32.6%
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Unrel. Div 43 14.6% 22 111%
Rel. Div 108 36.7% 73 36.7%
Parents-link ed 41 13.9% 29 14.6%
Spin-off 16 5.4% 10 5.0%
Total 294 100% 199 100%

4. Estimation M ethod and Results

In order to determine the effects of the Tntechnological knowledge base on a Tgnmno-
vation efficiency within PVTs, an ordered probit model is agpliThe core idea of a probit
model is that an observable ordinal response variable imatbazed by a latent continuous
metric. Therefore, the range of an N (0,1) distribution iglelil into k categories defined by
k-1 cut points ¢, C...ck-1. Every firm within the sample is assumed to have saera linear
combination of one or more predictarsplus an error term with a standard normal distrib
tion:
yi=x; XB + ¢, € ~N(0,1), i=1,..,N.

The observed ordinal variabje takes values from 1 to k, wherebyrepresents the threshold

parameters:
yi=k © 1 <yi £ ¢

Based on this score and the cut points as threshold parantbee probabilties for each firm
realizing IE=1, 2.., k is estimated. Thus, the ordered probdeinallows taking a continuous
variable like innovation efficiency into account by degvipredictable ordinal outcomes.
Given the assumption that several categories of inbovaificiency levels can be dsti
guished based on the observable ordinal information behindolegibal exit types (IE= 1,
2, k), 1 indicates the lowest innovation efficiency and & tighest innovation efficiency.
Subsequently, 5 categories of innovation efficiency aséingliished and ordered. Based on

the ordinal information of different technological exit typ#® following ranking is applied

lllustration 1. Innovation efficiency and categorieddanking |

Innovation Efficency IE
(continous, unobservable)

|
[ I [ [ I

Persistent M&A rel. out-div. unrel. out-div. total exit
(IE=4) (IE=4) (IE=3) (IE=2) (IE=1)
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In a first estimation step, only firms with an observatelehnological ext mode are consid-
ered (selection sample) within an ordered probit mdRedults are reported in table 3. Model
1 estimates only the coefficients of the control variabl® non-service variable is nog-si
nificant, indicating that there is no general diffeeenn the innovation efficiency between
service frms and non-service frms innovating in PVTee coefficient of the age variable is
positive and highly significant, indicating higher inntva efficiency for older and larger
frms. In model 2, the pre-entry knowledge dummies are intextiutnnovators which enter
PVTs with no prior knowledge (de novo entrants) are useblaas category. The coefficient
of the spin-off and the parents-linked variables are posine significant at the 0.01 level.
This confrms prior empirical evidence concerning a pesiivfiuence of pre-entry related
and core technological knowledge on innovation efficiency.ing with these findings, the
coefficient for related diversifiers is also positive asignificant at the 0.05 level, which is
acceptable. For unrelated diversifiers, no significant @mv efficiency effect is proven.
Although these frms have some knowledge in unrelatebdnddagical areas or at least some
general knowledge concerning business operations, this knewlsdgot suficient to put
unrelated diversifiers ahead of de novo firms in termsnidvation efficiency. Furthermore,
compared to model 1, the age variable turns insigniicantplaisible explanatiorcan be
found in the implicit consideration of age and size effegithin the pre-entry knowledge
effects which are assessed by different entry typeferdi entry types can be associated
with different frm age and size, e.g. de novo firms, spm-afid parents-inked firms are
ikely to be considerably younger and smaller than diensifiNevertheless, the age variable
is kept in the model to allow controling for possible intranertype size effects. Model 3
includes all variables. The pre-entry knowledge variabled the control variables remain
unchanged in magnitude, direction and significance. Trm@bles for PVT innovation expe
tise and experience are both highly signiicant and yasif\ higher average number of yea
ly PVT patent applications as well as a longer duratioriroé PVT innovation activities
contributes positively to higher innovation efficiencythimi PVTs. Subsequently, a t-test was
performed to test for differences in the efficiency e¢ffdor the signiicant pre entry
knowledge types. The null hypothesis of coefficient equaliynot be rejected, indicating
that the intensity of the innovation efficiency effedbes not differ for different kinds of pre
entry technological knowledge associatted spin-offs, parents linked frms and related dive
sifiers. To sum up, the following relationship can beestalEspin of = IEparensiinked = |Erelated div.

> |Eunrelated div. =|Ede novo
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In models 4-6, a modified ranking of the observable ordered outcenagsplied, assuming a
higher innovation efficiency for persistent innovatoranttor merged or acquired frmiEpg-
sistent™ |Emaa > |Eelated div-out™ |Eunrelated div-out> |Etotal exit (Ranking W).

Contrary to the prior estimations, the innovation efigend persistent innovators is assumed
to exceed the innovation efficiency realzed by merged cguieed firns. Model 4 only m-
cludes the control variables. Compared to R1, the frm agableais also positive and highly
significant at the 0.01 level whilst the non-service dyngnnoticeable larger and turns weak-
ly significant at the 0.1 level. This indicates highemovation efficiency for non-service firms
in the case of R2. Nevertheless, given the subsequeiis,réisis finding should not be ave
stated. Adding the dummy variables for pre-entry knowledgeoidel 5 and for PVT inn@v
tion expertise and experience in model 6, the non-serdacable becomes insignificant for
both estimation models. In general, the estimation rewulteodel 5 and 6 for R2 seenit
tialy quite simiar compared to the results for R1 in nhoBeand 3 concerning magnitude,
direction and significance of the estimated coefficieAtst-test, however, reveals the equalty
of the coefficients for spin-offs and parents-linked firmtstt@e 0.01 significance level whilst
the coefficient for related diversifiers is signifidgntdifferent from spin-ofts and parent-
linked frms at the 0.1 significance level. Accordingly, Bankingll the following empirical
relationship holds true: Kgin ot = |Eparents-linked™> |Erelated div.> Eunrelated div. = IEde novo The ke-
lihood ratio test is highly significant in the case baith rankings, indicating a good model fi.
A comparison of the LR test for both models however indicatgeeriority of R1.

So far, a selected sample of 199 firms for whom the exit iy/mdservable, is appled. Firms
with no observable outcome (=exit type) are not consideredicuRaly the necessary time
window for the determination of out-diversification exit tgpleads toa huge number ofcen-
sored observations with no observable outcomes. Methodicalyextiasion of thesecen-
sored observations may lead to a selection bias, implyinghthaapplied sample is not repr
sentative anymore. In the case of this kind of sampécteel bias, Heckman (1979) shows
that an ordinary ordered probit leads to inefficient etimaesults. As the descriptive stati
tics in table 2 indicate, frms in the selected (censoezathple are characterized by a lower
age at entry, a longer duration of PVT activities, a loarage number of yearly PVTap
tents and a different structure of innovator types acaprttintheir pre-entry technological
knowledge. Consequently, a possible selection bias should beleredsito ensure the ieff
ciency of the results. In general, sample selectican ®ncern whenever the response variable
is observed only if a selection condition is met. In our dhlseselection conditiorronsists of

the combination of two necessary conditions: (1) technologty after 2004 and (2) no



14

marked based (observable) technological exit afterwards.der ¢o take a possible selection
bias into consideration, a two-step maximum likelihood orderedbitpselection model gH
gested by Miranda and Rabe-Hesketh (2006) is applied to obtaisteoingarameter est
mates. This model fits our statistical setting in wtilslh outcome variable is eaegorical one
and the selection conditon can be expressed by a combineg l@ble. The selection
model estimation results for ranking 1 and ranking 2 are texpam column 7 and 8, wereby
‘-P’ denotes e ordered probit estimation part andsS’ the selection equation part. The sele
tion equation allows for constructing an estimate of thebaility that the efficiency level for
a specific firm is observed whist accounting for the -representativeness of the selection
sample. The coefficients of the selection equation retesl the censored sample is biased
trough a lower share of spin-offs (-0.69) and unrelated dieess{(-0.56), significant at the
0.1 level, independently of the chosen ranking. For both rapkingsselection sample isrfu
thermore biased towards firms with a lower average nuobgearly PVT patents (-0.1 at the
0.05 level) and towards frms with a higher duration of Pkfiovation activities (1.02 at the
0.01 level). A subsequent Likelhood Ratio test of independegmitions reveals that theap
rameer A is not significarly different from zero, valid for both rankings. This i@plia non-
significant correlaton between the latent variable ifamovation efficiency (dependente-r
sponse variable) and the selection variable in the appd#aiason model. Taking the ave
age yearly PVT patent variable as an example, thissifeat a decreasing average yearly
number of PVT patents raises the probabiity of being instlection sample, yet being in the
selection sample has no significant effect on the &t outcome (innovation efficiency).
This can be argued in an analogous manner for all otlep@mdent variables included in the
model. Considering these results, sample selection is @ rsatrious concern within the given
estimation models. The results of the probit estimation astal no significant differences
compared to the ordinary ordered probit model, using the censamgike sset. The cutap
rameters are just ancilary parameters and coeficiehtthe model. They are better ftted in
the case of ranking 1. In line with the results of tikelbood ratio test of model 3 and 4, this
implies a superior discriminatory power of ranking 1 compareariking 2.

Within the given research setting, a second sourcelaftioa bias may arise in form of self-
selection. By way of reminder, the relevant sample fihmd been selected by the condition
of applying for at least three PVT applications. On the sde, this selection condition is
necessary to excludéaccidental” patenting in PVTs. However, this selection conditon may
also cause a self-selection problem. Compared to the wvstytdthnological entrants, later

entering iNnnovators have to apply for at least three tsatwithin a successively decreasing
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time window to be included in the sample. This may lead &araple in which more recent
technological entrants are characterized by more reguidr more intensive PVT innovatio
activities. To deal with this issue control sample was applied. Within this contsainple all
innovators fulfling the following criteria are consieéer (1) They apply for at leasth® PVT
patent in at least two different years and (2) the gae between a fiim PVT patent appl
cations does not exceed three years. Al frms withg shmple are considered as regular and
intensive PVT innovators, independently from a bias causednbty time. In total, 235 firms
fall into the control sample of regular innovators. Resalie reported iicoumn 9-P and %

of table 3. The results of the ordered logit and selectiamadisn, using only data of regular
PVT innovators, confirm the robustness of the proposed relifodEspin of = 1Eparents-linked™

IErelated div> IEunrelated div. :|Ede novo



Table 3. Estimation results.

16

Ordinary OP OP selection model logit and selection parts Regular Innovators
Rank R1 Rank RII Logit RI | SelectionRI | Logit Rl | SelectionRIl| Logit Rl | SelectiorRI
(1) (2) (3) (4) (5) (6) (7-D) (7-S) (8-1) (8-S) (9-1) (9-5)
Spin--off 1.90%** | 1.28*** 1.90*** 1.65*** | 1.75*** | -0.69* 1.59*** | -0.69* 1.74*** | -0.46
4.00 3.15 4.43 3.72 3.03 -1.76 2.99 -1.75 2.83 -1.10
Parents-linked 1.33*** | 1.20%** 1.21%** 1.03*** | 1.18** | -0.31 1.00*** | -0.30 1.41*** | -0.15
4.69 3.96 4.438 3.85 3.82 -1.08 3.18 -1.02 3.87 -0.51
Rel. Div 0.95*** | 0.78** 1.02%** 0.70** 0.76** -0.26 0.66* -0.26 1.35*** | -0.11
2.88 2.25 4.68 2.19 2.15 -0.76 1.83 -0.76 2.81 -0.29
Unrel. Div 0.12 0.15 0.12 0.03 0.13 -0.56* -0.02 -0.56* 0.36 -0.44
0.37 0.44 0.40 0.09 0.36 -1.77 -0.04 -1.74 0.82 -1.20
yPVT patents 0.27%** 0.16*** | 0.26*** | -0.10** 0.15** -0.10** 0.21** -0.08*
3.60 3.04 3.44 -2.50 2.00 -2.44 2.49 -1.93
In(duration) 0.56*** 0.62*** | 0.60*** | 1.02*** 0.71** 1.02%** 0.58** 0.95%**
3.47 4.69 2.70 7.37 1.97 7.38 2.11 6.50
d_nonServ 0.30 0.07 -0.01 0.36* 0.14 0.05 -0.01 -0.03 0.05 -0.34 -0.04 0.09
1.54 0.36 -0.03 1.89 0.69 0.23 -0.03 -0.14 0.24 -0.17 -1.11 0.40
In(age) 0.19*** [ 0.08 0.05 0.22*** | 0.11 0.10 0.05 -0.15 0.09 -0.15 -0.14 -0.19*
3.63 0.91 0.57 4.47 1.25 1.12 0.51 -1.60 0.92 -1.58 -1.11 -1.87
Cons -0.64** -0.65** -0.72**
-2.00 -2.01 -2.02
cl 0.96* 1.17 0.96
1.75 1.29 1.32
c2 1.62%** 1.84** 1.27*
2.95 2.11 1.78
c3 2.31%** 2.51%** 1.99***
4.23 3.01 2.86
c4 3.06***
3.75
A 0.09 0.19 0.19
0.25 0.24 0.36
No. obs. 199 199 199 199 199 199 294 294 294 235
No. censored obg 95 95 95 80
Pseudo R? 0.035 0.1139 0.1736 0.0418 0.1112 0.1556
LI -241.34 | -221.48 | -206.57 | -294.41 |-273.08 | -260.22 -346.32 -399.96 -260.56
LR chi2/ Wald
chi2 17.23** | 56.96** | 86.77*** | 25.68*** | 68.35*** | 95.88*** 67.37*** 86.89*** 50.27***

Significance leels indicated by ***(0,01), **(0,05), *(0,1), z-values are reportedin line 2, base category= de novo firms
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A further methodological concern les in the applied timemé for out-diversification.
Changes of the time window length are capable to subfjainifiuence the outcome of the
response variableealzed by the sample frms. In order to test the robustoésmur results
with regard to the eight years window for out-diverdiica a reduced time window of four
years is considered. Halving the out-diversification tin@me to four years changes several
characteristics of the sample data. Kirsthe composition of the selection sample changes.
The size of the selection sample increases sinceetibe of out-diversification is now obser
able for some frms. Additionaly, a change in the exit mowg occur for some frms. Se
ondy, for firms within the selection sample which pursue auersification exit modes, the
average number of yearly PVT patents increases andutldion of PVT innovation activities
decreases. In total, 255 frms fall into the new selec@mmple which uses a four yearsnwi
dow for determining out-diversification exit modes. Also foe tteduced time window est
mation setting, a two-step ordered probit selecton modegbpded. Results are reported in
table 4. Model 10-P reports the results of the ordered probibptre estimation and model
10-S the selection part for the case of Ranking 1 (RI). Hkidtes the ordered probit part of
the estimation model for Ranking 2 (RII) and 11-S the smteqiart.

Compared to the coeffcient estimations based on the eggit window variables foRlI
(model 3), the coefficient estimates for the reduced foar yeindow (Model 10) remain
quite simiar in terms of magnitude, directon and sigmite level. A subsequelyt pea-
formed t-test for checking the equalty of coefficienteads, however, that pre-entry techno-
logical knowledge associated to spin-offs and parents-owned cesyas a higher effect on
innovation efficiency than pre-entry related technoldgkmowledge, significant at the 0.1
level. The following relationship concerning pre-entryhtedogical knowledge types as \dri
ers of innovation efficiency according to Ranking | is proV€spin-off = |Eparents-linked™ |Erelat-

ed div- > |Eunrelated div= |Ede novoWhich differs from model 7.

The selection part of model 10 (10-S) shows a clear difierenthe composition of thees
lection sample compared to the initial selection sample tingsdtom an eight year window
(model 7). Whilst in model 7-S a bias towards a signifidawer number of spin-offs and
unrelated diversifiers within the selection model becawvident, no bias concerning the ind
vidual pre-entry knowledge entry types is observable in mbde$d which uses the four year
window for out-diversification. As to be expected, a biasiwihe selection sample towards
frms with a lower average number of yearly PVT patemd firms with a higher duration of

PVT innovation actvities stil remains. Moreover, the [t&st of independ# equations e-



18

veals no significant difference of the parameétefrom zero, indicating the absence of ansa

ple selection bias when applying the selection sample.

Table 4. Estimation resultsreduced time window for out-diversification exit modes.

OP selection model logit and selection parts
ProbitRI Selection | ProbitRll Selection
(4y) RI (4y) (4y) RII (4y)
(10P) (108) (11P) (115)
Spin-off 1.66*** 0.01 1.43%** -0.05
3.04 0.01 3.55 -0.06
Parents-linked 1.10%** 0.02 0.87*** -0.03
3.87 0.06 3.55 -0.07
Rel. Div 0.77** 0.06 0.56** 0.15
2.08 0.12 2.01 0.03
Unrel. Div 0.41 -0.41 0.35 -0.45
1.38 -0.94 1.28 -1.06
yPVT patents 0.19%** -0.16*** 0.14%**=* -0.16%**
2.77 -2.75 2.69 -2.81
In(duration) 0.61%** 1.48%** 0.54**=* 1.47%**
3.26 6.62 3.42 6.69
d_nonServ 0.04 -0.48 0.09 -0.05
0.65 -1.45 0.49 -1.49
In(age) 0.06 -0.22 0.12 -0.22
0.65 -1.59 1.51 -1.62
Cons 0.18 0.23
0.04 0.52
cl 0.67* 0.55
1.66 1.49
c2 1.23%** 1.10%**
3.01 2.93
c3 1.83*** 1.69***
4.35 4.27
c4 2.09%**
5.16
A -0.11 -0.41**
-0.29 -1.29
No. obs. 294 294 294
No. censored obs.| 39 39 39
Replications
Pseudo R?
LI -301.42 -375.49
LR chi2/ Wald chi2 62.41%** 61.04***

Significance levels indicated by ***(0,01), **(0,05), *(0,1), z-values are reported in line 2, basemrat de novo firms

Also the estimation results for ranking Il are quitei@nwhen comparing the result gained
by applying an eight years frame for out-diversificatiowd @ four years frame. The four years
frame lead to an increase within the significancell®i the related diversification entry var
able from 0.1 to 0.05. Also the significance level of the cmafli for the yearly average
number of patents and the duration of PVT innovation @&givincreases form initialy five
percent in model 8-L to one percent in model 11-P. A subsegtesit performed to validat

the equalty of the pre-entry technological knowledge omefis confrms the relationship
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|Espin-oft = |Eparents-linked |Erelated div.> IEunrelated div.= |Ede novo Entering PVTs with technoleg
cal knowledge associated to spinoffs and paiewtse frms is associated with a higher long
term PVT innovation efficiency compared to innovators wiacker PVTs per related divers
fication. Nevertheless, pre-entry related technological keuy® contributes significantly to a
higher innovation efficiency compared to firms which enteth no related technological
knowledge or no technological knowledge overal. With regarchriovation efficiency wit-

in PVT, our results suggest that it makes no sigrifichiference whether a firm enters hwit
out any technological knowledge or with unrelated technalbdioowledge. Since the same
selection sample as in model 10 is applied, the absence t#fctorebias when estimating the

coefficients based on the section sample can be confirmed.

5. Conclusion

This paper deals with the empirical assessment dim’s long term innovation efficiency
within newly entered technological areas and knowledgedbdstéerminants. A focus is set
on photovoltaic technologies (PVTs). In a frst step, a nowelvation efficiency indicator is
applied. Assuming long term innovation efficiency as a @bservable outcome, a latentrva
iable is derived from the ordinal information of differenthieological exit types. This indie
tor is capable to reflect the comprehensiveness und maltidional character of long term
innovation efficiency. In a second step, the influence d@érent technological knowledge
based determinants is proven. In line with prior reseaheh,results confrm a significanb-i
fluence of innovation expertise and experience withire@hrological area on the innovation
eficiency within this area. More efficient innovators PVTs are characterized by a higher
average number of yearly PVT applications and a longetti@turaf their innovation activite
within PVTs. Furthermore, statistical evidence is fouod the relevance of related pre-entry
knowledge for innovation efficiency. ré&entry technological knowledge associated to iarov
tors which enter PVTs as spin-offs, parents-inked firmd eelated diversifiers contributes
postively to higher innovation efficiency. In contrastpnsrelated pre-entry technological
knowledge has no significant effect. Results are robusinwdifferent conceptual and est

mation settings.

A main concern when observing different innovation eficy levels based on technological
ext types lies ina wel-considered choice of the time window for determining- ou
diversification. Since out-diversification is a widely undesearched area, a first pragmatic

approach is appled within this paper. The time window isoseB years, assuming that this
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time frame reflects a good approximation of the average kdgel depreciation within PVTs
(Braun et al. 2010). A reduction to 4 years performed as robsstieck does not signif

cantly change the results.

Moreover, different potential sources of selection dsase considered. First, a selection bias
may result from the unobservablty of the outcome varifdrlesome firms. A two-step ro
dered probit selection model is appled to take into considerdiginthe unobservabilty of
the latent outcome variable may lead to a biased estimg@elaction) sample, containing
only frms for which the outcome is observable. An additidoah of selection bias is pass
ble in the form of self-selection. This bias may occucesifor the initial sample only firms
are included which applied for at least three PVT patdntonsequence, this can lead to
more regular and intensive PVT innovators in more tegears of the observation period. To
account for this, a subsample of regular innovators i$ dmd used for an independenti-est
mation. The results underine the robustness of the atstimcoefficients when applying the
ful sample. Nevertheless, one remaining source of teelebias has to be accepted within
the gven estimation setting. Al frms within thengade are characterized by at least three
PVT applications. On the one hand, this selection condgioexpedient in order to exclude
all cases of “accidental” PVT innovation activities. On the other hand, it also leads to tke e
clusion of all frms which intentionally expand innovatiactivities into PVT but fail prior to

the third patent application.
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