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Motivation and research questions

Motivation

Changes in the organization of innovative activities

General trend: increasing team size in research

doubled, from 1.9 to 3.5 authors per paper, over
45 years.

Shifts toward teamwork in science and en-
gineering have been suggested to follow from the
increasing scale, complexity, and costs of big
science. Surprisingly then, we find an equally
strong trend toward teamwork in the social sci-
ences, where these drivers are much less notable.
Although social scientists in 1955 wrote 17.5%
of their papers in teams, by 2000 they wrote
51.5% of their papers in teams, an increase
similar to that in sciences and engineering. Mean
team size has also grown each year. On average,
today’s social sciences papers are written in pairs,
with a continuing, positive trend toward larger
teams. Unlike the other areas of research, single
authors still produce over 90% of the papers in
the arts and humanities. Nevertheless, there is a
positive trend toward teams in arts and human-
ities (P < 0.001). Lastly, patents also show a
rising dominance of teams. Although these data
are on a shorter time scale (1975–2000), there
was a similar annualized increase in the propen-
sity for teamwork. Average team size has risen
from 1.7 to 2.3 inventors per patent, with the
positive trend toward larger teams continuing.

The generality of the shift to teamwork is
captured in Table 1. In sciences and engineering,
99.4% of the 171 subfields have seen increased
teamwork. Meanwhile, 100% of the 54 subfields
in the social sciences, 88.9% of the 27 subfields in
the humanities, and 100% of the 36 subfields in
patenting have seen increased teamwork.

Trends for individual fields are presented in
table S1. In the sciences, areas like medicine,
biology, and physics have seen at least a doubling
in mean team size over the 45-year period. Sur-
prisingly, even mathematics, long thought the do-
main of the loner scientist and least dependent of
the hard sciences on lab scale and capital-intensive
equipment, showed a marked increase in the frac-
tion of work done in teams, from 19% to 57%,
with mean team size rising from 1.22 to 1.84. In
the social sciences, psychology, economics, and
political science show enormous shifts toward
teamwork, sometimes doubling or tripling the
propensity for teamwork. With regard to average
team size, psychology, the closest of the social
sciences to a lab science, has the highest growth

(75.1%), whereas political science has the lowest
(16.6%). As reflected in Fig. 1A, the humanities
show lower growth rates in the fraction of
publications done in teams, yet a tendency
toward increased teamwork is still observed. All
areas of patents showed a positive change in both
the fraction of papers done by teams and the team
size, with only small variations across the areas
of patenting, suggesting that the conditions
favoring teamwork in patenting are largely
similar across subfields.

Our measure of impact was the number of
citations each paper and patent receives, which
has been shown to correlate with research quality
(15–17) and is frequently used in promotion and
funding reviews (18). Highly cited work was
defined as receiving more than the mean number
of citations for a given field and year (19). Teams
produced more highly cited work in each broad
area of research and at each point in time.

To explore the relationship between team-
work and impact in more detail, we defined the
relative team impact (RTI) for a given time period
and field. RTI is the mean number of citations
received by team-authored work divided by the
mean number of citations received by solo-
authored work. A RTI greater than 1 indicates
that teams produce more highly cited papers than
solo authors and vice versa for RTI less than 1.
When RTI is equal to 1, there is no difference in
citation rates for team- and solo-authored papers.
In our data set, the average RTI was greater than
1 at all points in time and in all broad research
areas: sciences and engineering, social sciences,
humanities, and patents. In other words, there is a
broad tendency for teams to produce more highly
cited work than individual authors. Further, RTI
is rising with time. For example, in sciences and
engineering, team-authored papers received 1.7
times as many citations as solo-authored papers
in 1955 but 2.1 times the citations by 2000. Simi-
lar upward trends in relative team impact appear
in sciences and engineering, social science, and
arts and humanities and more weakly in patents,
although the trend is still upward (20). During the
early periods, solo authors received substantially
more citations on average than teams in many
subfields, especially within sciences and engi-
neering (Fig. 2E) and social sciences (Fig. 2F).

By the end of the period, however, there are
almost no subfields in sciences and engineering
and social sciences in which solo authors typical-
ly receive more citations than teams. Table S1
details RTIs for major individual research areas,
indicating that teams currently have a nearly uni-
versal impact advantage. In a minority of cases,
RTIs declined with time (e.g., –34.4% in mathe-
matics and –25.7% in education), although even
here teams currently have a large advantage in
citations received (e.g., 67% more average cita-
tions in mathematics and 105% in education).

The citation advantage of teams has also been
increasing with time when teams of fixed size are
compared with solo authors. In science and engi-
neering, for example, papers with two authors
received 1.30 times more citations than solo au-
thors in the 1950s but 1.74 times more citations
in the 1990s. In general, this pattern prevails for
comparisons between teams of any fixed size
versus solo authors (table S4).

A possible challenge to the validity of these
observations is the presence of self-citations, giv-
en that teams have opportunities to self-cite their
work more frequently than a single author. To
address this, we reran the analysis with all self-
citations removed from the data set (21). We
found that removing self-citations can produce
modest decreases in the RTI measure in some
fields; for example, RTIs fell from 3.10 to 2.87 in
medicine and 2.30 to 2.13 in biology (table S1).
Thus, removing self-citations can reduce the RTI
by 5 to 10%, but the relative citation advantage of
teams remains essentially intact.

Because the progress of knowledge may be
driven by a small number of key insights (22), we
further test whether the most extraordinary con-
cepts, results, and technologies are the province
of solitary scientists or teams. Pooling all papers
and patents within the four research areas, we
calculated the frequency distribution of citations
to solo-authored and team-authored work, com-
paring the first 5 years and last 5 years of our
data. If these distributions overlap in their right-
hand tails, then a solo-authored paper or patent is
just as likely as a team-authored paper or patent
to be extraordinarily highly cited.

Our results show that teams now dominate
the top of the citation distribution in all four re-
search domains (Fig. 3, A toD). In the early years,
a solo author in science and engineering or the
social sciences was more likely than a team to
receive no citations, but a solo author was also
more likely to garner the highest number of cita-
tions, that is, to have a paper that was singularly
influential. However, by the most recent period, a
team-authored paper has a higher probability of
being extremely highly cited. For example, a
team-authored paper in science and engineering
is currently 6.3 times more likely than a solo-
authored paper to receive at least 1000 citations.
Lastly, in arts and humanities and in patents, in-
dividuals were never more likely than teams to
produce more-influential work. These patterns al-
so hold when self-citations are removed (fig. S5).

Fig. 1. The growth of teams. These plots present changes over time in the fraction of papers and
patents written in teams (A) and in mean team size (B). Each line represents the arithmetic average
taken over all subfields in each year.
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Source: Wuchty, Jones, and Uzzi (2007)

increasing capital intensity

lower costs of communication

increasing labor mobility

increasing specialization

increasing division of labor

Research questions

Refine existing explanations taking an evolutionary perspective

Dynamic relationship between knowledge base and inventor networks
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Theoretical building blocks I

Innovation and technology – dynamics of knowledge generation

Cumulativeness of innovation (Dosi 1982)

Changing technological opportunities (Malerba and Orsenigo 1997)

ß Opportunities diminish within a specific field but arise from new
combinations

Knowledge relatedness (Nesta and Saviotti 2005)

ß Key technologies at the center of the knowledge base

First step

1 Map the knowledge base to identify ‘interesting’ technologies
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Theoretical building blocks II

Organization of the innovation process – network dynamics

Social proximity as explanation for spillovers (Breschi and Lissoni
2003, 2009, Singh 2005)

Co-authorship networks, inventor networks (Balconi et al. 2004,
Fleming et al. 2007)

Increasing team size (Wuchty et al. 2007)

Formation of large components (Fleming and Frenken 2007)

Second step

2 Analyze the structure of inventor networks
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Hypothesis

Knowledge base

Direction of the search process influences the position of a
technology within the knowledge base

Opportunities in knowledge . . .

. . . deepening activities ⇒ stable position within the knowledge base

. . . widening activities ⇒ move towards center of the knowledge base

Consequences for innovation process / networks

Individual capabilities not sufficient for widening activities

⇒ Need for interdisciplinary teams in fields that connect to other fields

Hypothesis

Technologies which become more central to the knowledge base are also
characterized by a higher connectedness of the inventor network
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Construction of the knowledge base

Patents are assigned to technological classes (IPC)

Concordance (FhG-ISI, OST, SPRU) ß 30 technologies

Pik =

{
1 if patent k is assigned to technology i

0 otherwise

Co-occurences
Jij =

∑
k

PikPjk

Knowledge base

Ω =


J11 · · · J1j · · · J1n

...
. . .

...
Ji1 Jij Jin

...
. . .

...
Jn1 · · · Jnj · · · Jnn


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German knowledge base 1995–2001

Co-occurences of technologies i and j

Key technologies:
analysis, measurement
(7), electrical
machinery (1)

Related fields:
Electronics (1 – 7),
large scale chemistry
and process engineering
(14 – 19), mechanical
elements and transport
(26 – 27)
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Patenting dynamics
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Key technologies – betweenness centrality

Technology
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Patent growth vs. betweenness growth
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Growth rates between 1995
and 2001

Information technology (4)
shows highest patent growth

Semiconductors (5) shows
highest betweenness growth

Hypothesis

Technologies which become more central to the knowledge base are also
characterized by a higher connectedness of the inventor network

ß Semiconductors should be characterized by a higher connectedness
of the inventor network than IT
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Co-inventorship networks

Social network analysis with patent data

Social proximity explains knowledge flows (Breschi Lissoni 2009)

Analysis of networks to. . .

study organization of innovation process
explain performance
test hypothesis on formation
identify key actors
. . .

Data

Patents in IT and semiconductors to construct inventor networks

Three-year moving windows ß 5 periods

Comparable sizes (patents, actors)

Overlap in applicants: Siemens, Bosch, Infineon, Philips, Daimler,
and Fraunhofer among top 10 in both
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Inventor networks

Information technology
(high patenting growth)

Pajek

Semiconductors
(high betweenness growth)

Pajek

Components with n ≥ 20 for the last period (1999–2001)
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Dynamics of inventor networks in IT and semiconductors I

1997 1998 1999 2000 2001

Information technology (high patenting growth)

Nodes 2946 3430 4146 4584 5287
Share in main
comp.

0.95% 3.12% 2.10% 1.16% 1.12%

Share of isolates 26.61% 27.76% 27.45% 27.75% 26.08%
Mean degree 1.9579 2.0093 2.0014 2.0414 2.1865
Semiconductors (high betweenness growth)

Nodes 2122 2394 2694 2849 3107
Share in main
comp.

3.68% 10.69% 10.80% 11.72% 15.29%

Share of isolates 14.47% 14.24% 13.47% 13.93% 13.00%
Mean degree 2.9161 3.1997 3.2858 3.5114 3.5558

Measures of connectedness

Share in main comp. Share of actors who are member of the largest connected
part of the network

Share of isolates Share of actors who patent without any co-authors

Mean degree Average number of connections to other actors
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Dynamics of inventor networks in IT and semiconductors II
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Information technology (4): no key technology ⇔ low connectedness

Semiconductors (5): key technology ⇔ high connectedness

ß Semiconductors are characterized by a higher connectedness of the
inventor network than IT ⇒ in line with hypothesis
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Conclusions

Knowledge base

Technologies assume different and changing positions

Changing opportunities seem relevant for these dynamics

Betweenness centrality as a measure for key technologies

Inventor networks

Inventor networks in IT and semiconductors show different dynamics

Differences in technological opportunities as an explanation for
increasing team size and the formation of large components

ß Co-evolution of knowledge base and inventor networks

Limitations

Opportunities are not exogenous

Case study character can only provide anecdotal evidence
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Thank you for your attention!

holger.graf@uni-jena.de
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Concordance between IPC and technology codes
Industry Technology

I. ELECTRICAL ENGINEERING
1. Electrical machinery and apparatus, electrical energy
2. Audiovisual technology
3. Telecommunications
4. Information technology
5. Semiconductors

II. INSTRUMENTS
6. Optics
7. Analysis, measurement, control technology
8. Medical technology
9. Nuclear engineering

III. CHEMISTRY, PHARMACEUTICALS
10. Organic fine chemistry
11. Pharmaceuticals, cosmetics
12. Biotechnology
13. Agriculture, food chemistry
14. Materials, metallurgy
15. Surface technology, coating
16. Macromolecular chemistry, polymers
17. Chemical industry and petrol industry, basic materials chemistry

IV. PROCESS ENGINEERING, SPECIAL EQUIPMENT
18. Chemical engineering
19. Materials processing, textiles, paper
20. Handling, printing
21. Agricultural and food machinery and apparatus
22. Environmental technology

V. MECHANICAL ENGINEERING, MACHINERY
23. Machine tools
24. Engines, pumps, turbines
25. Thermal processes and apparatus
26. Mechanical elements
27. Transport
28. Space technology, weapons
29. Consumer goods and equipment
30. Civil engineering, building, mining

Source: ISI OST INPI classification (update 2005).
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