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Measuring Technological Change?

Three main approaches (Griliches, 1990):

• Outputs: Patents, scientific papers. Modified with citation counts to measure ‘qual-
ity’.

• Inputs: R&D spending, employment of scientists and engineers, investments in
technological capital and ‘intangible’ capital.

• Residuals: TFP estimated for production function methods.

These methods face challenges when it comes to understanding qualitative changes in
technology and rates of ‘progress’ . . .
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Technological Change & ‘Innovation’.

• Another challenge here is linking technological change to the process of innovation.

• We know that innovation is about trial & error and experimentation. This is com-
plemented by phases of consolidation where we double down on successful experi-
ments.

• Further to this, there is qualitative change in what is studied. Ideas enter, rise and
fall. There are ‘waves’ in the development of ideas.
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Technological Change.. .and Text

• Text data o�ers the chance to try and capture what was previously thought of as
qualitative change and how it relates to ‘progress’.

• A key recent contribution is Kelly, Papanikolaou, Seru, and Taddy (2020) who iden-
tify ‘breakthrough patents’. In short, these are defined as the patents that were the
first to use sets of words that became much more common later on.

• Approach is based on a combination of ‘backward IDF’ and massive scale cosine
similarity across patents. It makes progress in identifying ‘regime shifts’ in techno-
logical development.
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Tesla’s Electric Motor Patent (1888).
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What We Do.

• Innovation measure derived from the probabilistic ‘text information’ in patent
documents.

• How di�erent is patenting this year compared to previous patenting? This will be
measured in terms of informational ‘bits’. That is, the change in the probability
distribution of topics.

• Periods where there is a lot of change can be seen as phases of ‘exploration’, while
steady periods are ‘exploitation’. Crucially, this means that lots of patenting 6= lots
of ‘innovation’ (necessarily).
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A Sketch of the Approach.

• Get the USPTO data from the 1920s onwards. Run a separate topic model per firm
over the whole time period. This gives you a distribution of topic shares over firm-
year observations..

• Plug these topic shares into a KL ‘Bayesian Surpise’ measure. This will pick up the
extent to which today’s topic share distribution is di�erent to the past.

• Big shifts are ‘exploration’ while steady behavior is ‘exploitation’. Implicit, stylised
model is one of firms innovating aggressively and then hitting on ‘cash-cows’.

We’re adapting a literature outside econ that’s emerged recently . . .
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What We Find

• Method picks up sensible qualitative regime shifts. Key case study will be IBM and
analogue-to-digital shift.

• Developmental S-shape for large, long-lived firms. Exploration tapers with age but
size still grows. Also: exploration correlates with size measures over and above the
e�ects of patents and R&D.

• Challenges: (1) relating this to a model of firm growth (2) developing aggregate
measures, including by technology class.
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Data

Patent Data

• Constructed from Iaria, Schwarz, and Waldinger (2018), Bergeaud, Potiron, and
Raimbault (2017) and Google webscraping.

• Use abstracts or ‘pseudo-abstracts’ (first 300 words).

• Standard text pre-processing.

Firm Data

• CRSP and Compustat data. Use match from Kogan et al (2016) QJE.

Final Data Set

• Contains 1,830 unique firms and 27,760 firm years from 1920 to 2004. Key point is
the size of the patent portfolio. We require 11 years of pateting to estimate one of
our measures (successful exploration).
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Basic Ingredients

• We put the text into firm-year cells and run topic models. We run a topic model
for each firm across the firm’s lifetime where the number of topics k is set to 50,
100 and 150 topics for firm corpora consisting of more than 100, 1000 and 10000
patents, respectively, and 10 topics for smaller corpora.

• This gives us a distribution of topic shares across topics (denoted θk) per firm year.
Intuitively, this will pick up how firms transition across di�erent technological topics
(eg: analogue to digital) over their lifetime.

• We then plug these topic shares θk into a ‘Bayesian Surprise’ measure. Idea is to de-
velop a measure of how the probability distribution wrt topic structure is changing.
This will be measured in ‘bits’.
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Bayesian Surprise

• In a Bayesian framework, uncertainty is expressed in terms of prior and posterior
beliefs. Thus, surprise is related to the expectations of the observer and thus rela-
tive.

• An observer may experience varying amounts of surprise at di�erent points in time.
Naturally, they update their information.

• ‘Bayesian Surprise’ (Itti and Baldi, 2009) is hence defined as the di�erence between
an observer’s prior and posterior beliefs. We’ll express this in terms of two di�erent
probability distributions.
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Kullback-Leibler Divergence

• Formally, this is measured as the KL divergence from a prior distribution q to poste-
rior distribution p:

DKL(p||q) =
N
∑

i=1

p(xi)log2
p(xi)
q(xi)

.

• Rewriting the above equation yields

DKL(p||q) =
N
∑

i=1

p(xi)
�

log2p(xi) − log2q(xi)
�

.

ie: Expectation of the log di�erence between the prior and the posterior.

• Practically, we define our di�erent p(·) and q(·) according to firm topic share distri-
butions .. .
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Basic Exploration Measure

• We define our exploration measure as

ηt := DKL
�

θt

�

�

�

�θ̄−t
�

,

where

θ̄−t =
1

t − 1

t−1
∑

j=1

θj

denotes the average topic distribution up until year t. The topic distribution θt for
each year t is based on the collection of all documents filed by the firm in a given
year.

• This goes into the previous KL formula and we get a measure of change in units of
‘bits’.
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Cumulative Exploration

• In addition to the above flow measure of exploration, we also compute cumulative
exploration or the ‘exploration stock’ in year t defined as

Ηt :=
t
∑

t=1

ηj.

• Allows us to track di�erent phases of exploration over a firm’s lifetime. Specifically,
how exploration varies with firm age.

• But exploration isn’t necessarily always ‘good’. Experiments can fail. We try to
capture this via ‘surprise asymmetry’.
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Successful Exploration

• Following the Barron, Huang, Spang, and DeDeo (2018) ‘resonance’ measure:

ρw(t) :=
1
w

w
∑

d=1

�

KL (θt||θt−d) − KL (θt||θt+d)
�

,

where w is the window size. We set this at w = 10 such that there is five years either
side.

• First term in brackets is di�erence between today and yesterday. Second term is the
di�erence today and tomorrow. That is we compare today to the past and the future.

• Consider if there’s a big di�erence between now and the past, but minimal di�er-
ence with respect to the future. This means there’s been an episode of exploration
that has ‘stuck around’.
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Ok, let’s implement.

• We’ll begin with a case study of IBM.

• Big firm with a long history that was at the centre of ICT’s evolution over the 20th
century.

• General theme: Since we need decent-sized patent portfolios our approach is best-
suited to studying long-lived firms.

Start with basic word frequencies by decade.. .
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IBM Case Study 1: Fastest Growing Unigrams

Overall 1930s 1940s 1950s
Word Share Word Change Word Change Word Change
data 2.59 mean 1.64 card 2.81 circuit 2.52
system 1.45 feed 0.85 machin 1.68 magnet 1.63
layer 1.26 select 0.61 tape 1.10 memori 1.38
first 1.23 new 0.58 perfor 0.97 data 1.19
devic 1.13 gear 0.58 electron 0.69 signal 0.94
circuit 1.02 sheet 0.55 number 0.61 input 0.90
signal 0.94 time 0.55 sens 0.56 puls 0.87
second 0.92 applic 0.47 column 0.47 line 0.77
memori 0.84 charact 0.46 digit 0.47 devic 0.76
control 0.76 invent 0.43 valu 0.46 binari 0.63
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IBM Case Study 2: Fastest Growing Unigrams

1960s 1970s 1980s 1990s
Word Change Word Change Word Change Word Change
surfac 0.73 silicon 0.85 data 1.18 user 0.73
cell 0.60 line 0.78 system 1.04 layer 0.59
metal 0.58 layer 0.72 imag 0.53 system 0.56
control 0.55 print 0.55 comput 0.52 first 0.40
substrat 0.54 address 0.52 first 0.49 one 0.37
code 0.50 data 0.52 document 0.44 content 0.36
error 0.46 chip 0.50 access 0.42 request 0.34
wave 0.35 region 0.50 user 0.38 method 0.32
member 0.34 generat 0.40 circuit 0.35 process 0.31
mean 0.34 ribbon 0.38 optic 0.34 inform 0.30

Carvalho, Draca, and Kuhlen: “Exploration and Exploitation in US Technological Change” 21/37



IBM Case Study 3: Topic Evolution
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10-topic model to ‘eyeball’ underlying structure.
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IBM Case Study 4: Exploration
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Exploration measure picks up a topic structure shift circa 1953.
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IBM Case Study 5: Cumulative Exploration
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Stock measure suggests a major 1950s shift with plausible ‘exploitation’ phase from
early 1970s onwards.
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IBM Case Study 6: Successful Exploration
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Resonance indicates the late 1950s exploration spike was also important.
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Generalising

• How typical is the experience of IBM? We now want to look at the bigger sample of
long lived firms.

• Specifically, does exploration taper with age faster than growth in firm size (sales,
market cap)? That is, does exploration slow down as firms start to exploit past
innovative e�orts?

• And what happens to firm R&D intensity over the firm’s life-cycle?
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Empirical Results 1: Large Firms
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Empirical Results 2: Cumulative Exploration and Firm Age

(1) (2) (3) (4) (5)
Baseline +SIC4 +Mktcap +PatStock +Sales

age 12.03*** 12.31*** 11.89*** 10.94*** 11.73***
(0.533) (0.505) (0.511) (0.574) (0.576)

age2 -0.0645*** -0.0644*** -0.0633*** -0.0562*** -0.0607***
(0.00781) (0.00742) (0.00735) (0.00807) (0.00803)

log marketcap 7.156***
(1.746)

log patstock 14.09***
(2.238)

log sales 7.890***
(2.001)

R-sq 0.620 0.718 0.720 0.728 0.726
N 26,727 26,721 26,375 26,721 23,009
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Empirical Results 3: Gradients of Exploration Stock and Firm Size
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Empirical Results 4: Change in R&D Intensity
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Empirical Results 5: Sales Regressions

We now connect our exploration measure to firm outcomes in a regression framework.
The basic model that we adopt is as follows:

∆kln(Sales)ijt = α +
∑

L

βk−1KLt−l + τt + µj + τjt + êijt

where ∆kln(Sales)ijt is the k-year change in firm i log sales measure in period t, KLt−l is
an l-period lagged exploration measure, τt are time e�ects, µj are industry e�ects, τjt
are industry trends, and êijt is an error term. We use di�erent lag orders L to
understand the dynamic relationship across specifications.
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Empirical Results 6: Lagged Exploration
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Empirical Results 7: Lagged Successful Exploration

Carvalho, Draca, and Kuhlen: “Exploration and Exploitation in US Technological Change” 33/37



Exploration and Firm Dynamics

Nesting within a theoretical or empirical model faces challenges.

• Our exploration measure is e�ectively a time-varying firm fixed e�ects.

• Furthermore, it has a time-varying impact on firm performance. Specifically, it
precedes revenue-rich exploitation phases.

• And methodology is best focused on the large firms due to data reasons. Hard to
study the small firms (big focus of new heterogeneous growth models).
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Aggregate Technology

• Any pooling across lots of patents is heavily influenced by ‘patent explosions’ like
the recent ICT surge. This might be legitimate (ie: we are currently

• Looking at the class level faces the problem of identifying the ‘birthdates’ of classes.

• So it’s turned out that big companies like IBM are good summary vehicles - they
nest a lot of relevant, closely-related technologies together.
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Conclusion

• We build a new measure of innovative behavior from the patent text.

• It picks up an S-shape in behavior for large firms. The measure explains growth
even after controlling for traditional innovation measures.

• Lot of stu� in this research area: The big challenge for the future is understanding
evolution year-by-year
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