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Abstract

We examine the research investment behavior of R&D �rms during the Great Depres-
sion using a Bayesian model of innovation under uncertainty and new data on the corporate
R&D sector. We consider that �rms aim to alter their investment pro�le more in response
to permanent underlying sector-level advances in technology and less to transitory aggregate
changes. Exploiting an increase in sector versus aggregate uncertainty during the 1930s,
we show that �rms with imprecise sector-level priors on payo¤s to innovation updated their
beliefs and responded much stronger to sector-level signals than �rms holding more precise
priors. The updating component we specify is signi�cant during the early years of the De-
pression, is largest when controlling for the quality of innovation and does not proxy for
�rm size or liquidity e¤ects. Uncertainty induced learning and updating, leading to large
di¤erences in research investment behavior across sectors.

JEL: C11, D8, D21, O3
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1 Introduction

The Great Depression represents one of the most signi�cant adverse shocks to US economic activity.

Accompanying the prolonged declines in all major macroeconomic aggregates was an appreciable

increase in uncertainty following the stock market crash of 1929.1 In normal times there is uncer-

tainty about the payo¤to innovation, deriving from uncertainty about the impact of the innovation

as well as about the timing of research success. At the time of the Great Depression, overlaid onto

this was high uncertainty regarding demand. We propose a model for the research investment

decision of �rms at times of high uncertainty and use it to examine a new, comprehensive dataset

of US corporate R&D in the 1920s and 1930s. Ours is one of only a few papers that studies the

Great Depression from a �rm-level perspective.2

Following the Great Crash of 1929, against a backdrop of high aggregate and sector-level

uncertainty there was a considerable drop in the growth rate of patented R&D in US manufacturing

and a delay in patenting relative to the real growth rate of GDP (Figure 1, described in more

detail below). While there was a drop in the growth rate of aggregate patenting during the Great

Depression, equally, however, research investment in technological development did not stop in

some sectors. Feinstein, Temin and Toniolo (2008, p.174) list new innovations such as neoprene,

nylon, and instant photography that were developed despite a large drop in demand.3 Why were

some innovations paused while others advanced? We argue that learning and updating by R&D

�rms can account for a signi�cant portion of the observed sectoral variation in innovation during

the 1930s.

1Mankiw (2006, p.29) states that the Depression �was an economic downturn of unprecedented scale, including
incomes so depressed and unemployment so widespread that it is no exaggeration to say that the viability of the
capitalist system was called in question.�Joseph Schumpeter (1941, p.352) described the Great Depression as being
�catastrophic.�

2Others have focused on particular industries such as Ra¤ and Bresnahan (1991) who show that the demand
shock of 1929-1933 led to a shakeout of �rms in motor vehicle manufacturing, with surprisingly limited output real-
location among survivors to the lower cost plants. Naturally �rm-level studies are constrained by the availability of
data. A much larger literature uses general equilibrium frameworks to study the Depression from a macroeconomic
perspective. See for example, Temin (1989), Bordo, Erceg and Evan (2000), Chari, Kehoe and McGrattan (2003),
Christiano, Motto, and Rostagno (2003), Cole and Ohanian (2004), Eggertsson (2008).

3Field (2003) pinpoints the 1930s as a particularly signi�cant phase of twentieth century technological devel-
opment. Bernstein (1987) notes di¤erences in innovation across sectors. In a long run context, Gordon (2000)
identi�es �one big wave�in productivity growth in the century after 1870 stemming from innovation in electricity,
internal combustion, petroleum and communications.
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At the core of our approach is a simple Bayesian idea that �rms update their information set

based on the signals they observe and they alter their research investment decisions in line with

the extent to which they update their priors. As we describe in more detail below, sectors in

which �rms have tight prior distributions on the payo¤ to innovation are likely to experience less

of a change in patenting in response to the observed signal. On the other hand, sectors in which

�rms operate with di¤use, or high variance, prior distributions on payo¤s are likely to experience

a stronger response (in terms of a change in patenting) to the observed signal. We �nd strong

support in the data for this updating mechanism as an in�uence on research investment decisions.

Our theory is developed in light of a change in the structure of uncertainty during the Great

Depression. At the aggregate level Schwert (1989) shows that uncertainty reached unprecedented

levels between 1929 and 1940 with the standard deviation of monthly stock returns being in excess

of 20 percent in 1932. Merton (1987) and Voth (2005) view the rise in stock market volatility to

be causally related to fears about capitalism�s survival. Although aggregate uncertainty was high,

we also note that sector-level uncertainty rose relatively as measured by stock market volatility

in two-digit SIC codes (Figures 2 and 3). In our model a change in the structure of uncertainty

magni�es a signal extraction problem whereby �rms need to distinguish between permanent sector-

level changes and transitory aggregate disturbances as they determine their expected payo¤s to

innovation and their optimal investment in R&D.

We test our theory using a newly constructed �rm-level dataset covering the entire interwar US

corporate research and development sector. Our �rms come from the National Research Council�s

(NRC) direct correspondence survey of US industrial research labs in the years 1921, 1927, 1931,

1933 and 1938. An attractive property of the data is its comprehensive coverage of corporate R&D

with large, small, traded and non-publicly traded �rms included. The �rms the NRC surveyed

contributed disproportionately to productivity advance with real expenditure on R&D more than

doubling during the 1930s (Mowery and Rosenberg, 1989, p.69). Our dataset consists of 2,777

individual �rms with in-house R&D facilities. A downside is that, unlike for the modern era when

R&D statistics are collected on an annual basis, the historical NRC data only re�ect snapshots of

R&D activity as opposed to observations for a full time series of years.

We overcome this problem using hand-matched patent application data, giving an annual
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metric of R&D related activity.4 Innovation is a multi-stage process and by using patents as of their

application date we are observing inventive activity at an initial phase of research and development

(Griliches, 1990). In their taxonomy of the innovation process Francois and Lloyd-Ellis (2008) label

the type of patents that we observe as �R&D�. We also observe patents that developed into useful

technologies by distinguishing high quality patents using a new dataset containing 42.8 million

historical patent citations. These represent references to previous patents from patents granted

between 1947 and 2008.5 Historical citations capture the economic signi�cance of inventions,

providing a retrospective measure of patent quality.

We show that the uncertainty shock of the Great Depression changed R&D behavior. Our

empirical analysis starts by identifying that, in contrast with the 1920s, patenting activity lagged

the business cycle during the 1930s. Figure 1 plots the annual log di¤erence of patents for �rms in

our dataset against the growth rate of GDP and Census of Manufactures value added both for the

full sample of �rms and for a balanced panel of �rms we observe patenting in every year.6 During

the 1920s patenting is neither pro-cyclical nor counter-cyclical, but the pattern becomes strongly

pro-cyclical with a one year lag during the 1930s with a clear drop in patent applications between

1930 and 1932. The data show in particular that innovation moved much more procyclically

during the 1930s compared to the 1920s.7 This pattern is consistent with the �cautionary e¤ects�

of uncertainty on partially irreversible investment established in the theoretical literature on real

options (Dixit and Pindyck, 1994; Bloom, 2007, 2008) and empirically in �rm-level panel data

(Bloom, Bond and Van Reenen, 2007).

We go further by showing that the aggregate data mask considerable variation in patenting

by sector. We examine the causes of this change in R&D behavior using our model to guide

4While patents are an imperfect measure of technological development they are strongly correlated with R&D
and productivity (Griliches, 1990; Bloom and Van Reenen, 2002).

51947 is the �rst year references were made explicitly on patent documents. We thank James Ryley (President)
and David Hawley (Director of R&D) of FreePatentsOnline.com who supplied 5.1 million XML �les used for the
1947-2008 citations and to Sarah Woolverton from Research Computing Services at Harvard Business School for
processing these data.

6The value added series are reported biennially in the Census of Manufacturers. We obtained an annual series by
imputing the growth rate of value added from the annual growth rate of GDP as described in the Data Appendix.

7Griliches (1990) argued that patents and research investment tend to be synchronized with output over the
cycle, and this pro-cyclicality is con�rmed in many subsequent papers for di¤erent measures of R&D (e.g., Fatas,
2000; Comin and Gertler, 2006; Barlevy, 2007).
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the empirical speci�cations. We �nd strong support for the updating mechanism implied by

our theory in the overall data, when distinguishing between high and low uncertainty sectors

and especially when controlling for the quality of patented inventions. We detect a signi�cant

adjustment from 1930-32 to negative sector-level returns, which helps to account for the large

drop in patent applications in Figure 1. Additionally we detect large di¤erences across the sectoral

uncertainty distribution. Citation-weighted patent applications are 21 percent lower when moving

from the 10th to the 90th percentile of sectoral uncertainty. The learning and updating e¤ects we

detect are concentrated in the downturn and disappear during the 1933-36 recovery phase.

Our main results are robust to including matching �rm-level balance sheet variables from

Moody�s Manual of Industrials. We rule out �rm size as a confounding in�uence using data on

physical capital and also con�rm our results are not driven by di¤erences in �rm-level �nancial

liquidity. Based on the Schumpeterian view of cycles, Aghion et.al. (2005, 2008) show that the

reorganization of innovation is related to credit constraints. Tightly constrained �rms are less

likely to invest in R&D in downturns than unconstrained �rms.8 Although liquidity, measured

using data on working capital, enters positively and signi�cantly in our patent regressions for the

Depression era, it only slightly reduces the size of the sectoral uncertainty e¤ect established in the

main speci�cations. Despite �nding liquidity sensitivities of �rms, we still �nd support for our

model�s key prediction that learning and updating can explain variation in early stage research

investment activity.

Our analysis is most closely related to Romer (1990) who identi�es a large drop in expenditures

on consumer durables after 1929. Romer argues that the heightened stock market volatility in the

aftermath of the Great Crash raised consumers�uncertainty about future income, leading them to

delay purchases of consumer durables until a later period when the uncertainty would be resolved.

Romer establishes a link between the Great Crash and the Great Depression by showing that high

levels of stock market variability after 1929 changed consumer spending behavior. We argue that

the increase in uncertainty following the Great Crash strongly in�uenced early stage corporate

R&D, leading to large di¤erences in research investment across sectors and therefore signi�cant

changes in sectoral innovation trajectories.

8A strong link between �nance and R&D is reported by Brown, Fazzari and Petersen (2008) based on an
empirical examination of �nance-induced cycles in late twentieth century R&D.
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Beyond the literature on the Great Depression, our �ndings are related to works examining the

clustering of innovation and the dynamics of R&D over the business cycle.9 For example, Barlevy

(2007) shows that in US manufacturing over the period 1958-2004, research and development

positively covaried with the business cycle as �rms responded to procyclical returns to R&D. In

his model knowledge is appropriable so the desire to maximize returns leads �rms to concentrate

R&D activity during booms and deters them from intertemporal substitution towards recessions,

even though the opportunity cost is lower during downturns. In our theory investment decisions

are similarly driven by expected payo¤s to innovation, but we augment the information set by

considering that the response of �rms to returns is also in�uenced by priors. Imprecise priors are

associated with a large reaction to the return signal and vice versa for precise priors.

To the extent that macroeconomic uncertainty shocks and severe economic downturns such as

the 1930s are �not just a relic of the past� (Kehoe and Prescott, 2007, p.2), our framework is

useful for understanding research investment decisions under conditions of extreme and persistent

uncertainty. In the next section we present historical examples of innovations underlying our model

of research investment. Section three presents the details of the model. Section four outlines the

empirical framework. Section �ve describes our dataset on R&D �rms. Section six discusses the

main results and robustness checks. Section seven concludes.

2 The Timing of Depression-Era Innovations

Our model is motivated by the di¤erential timing of key innovations during the 1930s. An often-

cited example of Depression-era innovation is neoprene (synthetic rubber) introduced by DuPont.

In April 1930 a noted DuPont research scientist, Wallace Carothers, recorded the initial discovery

of neoprene, which boosted R&D and led to two key US patent applications - 1,950,431 (October

1930) and 1,950,432 (February 1931) - both of which were granted in 1934. DuPont announced

neoprene publicly in November 1931 and within three years the �rm had invested over $1 million

on R&D, with commercial introduction coming in 1937 (Smith, 1985; Scherer, 1989, pp.4-5).

This is not an isolated example of corporate research investment progressing in the nadir of the

Depression. By 1937, 40 percent of DuPont�s sales came from products that did not exist prior

9See for example, Shleifer (1986), Fatas (2000), Francois & Lloyd-Ellis (2006), Comin and Gertler (2006).
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Figure 5. Patenting Rates Across Sectors 

 
Notes: Shares refer to the fraction of R&D labs that patent in each sector. Firms assigned 
to sectors based on a description of their R&D activities in the NRC surveys. The size of 
the circle is proportional to the number of firms in each sector.    
 
 

Figure 6. Share of Patent Applications Cited, 1920-1939 

      

Notes: Shares are for the population of successful patent applications in the European 
Patent Office’s PATSTAT database each year that are cited at least once in patents 
granted between February 1947 and September 2008.    
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Figure 7. Graphical Representation of the Updating Component by Uncertainty Decline, 1930-1932 

  
                                              

      A. PATENTS                                                             B. CITATION-WEIGHTED PATENTS 
 
Notes: These graphs show the effect of the updating component evaluated at the mean sector return for the sub-period 1930-1932. The solid line in the 
Figure A is the updating effect from column 2 of Table 4. In Figure B the solid line is the updating effect from column 5 of Table 4. The dashed line is 
from column 10 of Table 5 (i.e., including firm-level controls). In both cases the updating component is evaluated at the mean sector return. 
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Appendix A. Investor Expectations - the Updating Scheme1

Let �(	t) represent the prior density on 	, f(
t j 	t) the conditional density of 
 given the

prior on 	t, and g(	t j 
t) be the posterior density on 	t given the observed realization of 
t.

The relationship between these three densities is given by Bayes�Rule:

g(	t j 
t) =
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t j 	t) � �(	t)R
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; (1)

where the denominator on the RHS is the marginal density of 
t.

Using the parameters as described in the text, the numerator expands to
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Completing the square on the right hand side of the above expression,
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+ A; (3)

1This derivation of the posterior mean and variance for the case where all shocks are distributed normally is
based on the principles outlined for the general case in Baumens et.al. (1999). Since we refer to a speci�c sector,
we drop the subscript s in the derivation.
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The term inside the integral is the kernel density of a normally distributed random variable with
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. Hence the above expression reduces to
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Substituting (4) and (5) back into (1) the Bayes�rule formula,
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The posterior density then simpli�es to
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Appendix B Copy of the Original Direct Correspondence Letter Sent by the 
Engineering Foundation/NRC to Firms with R&D Labs (Not for Publication) 
 

 
 
Source. National Research Council Archives, Washington D.C. Folder: “General Relations. 
Industrial Research: Projects Inventory of Labs”. Deterioration in the text is due to the acid 
content of the original paper. We thank Janice Goldblum (the archivist) for finding this letter. 
 



Appendix C Regression Results for Upper Decile Citations (Not for Publication) 
 
The citation-weighted regression results in Tables 4 to 7 are run using upper quartile citation 
counts. Here we run the same regressions but using only patent citations counts from 1947 to 
2008 in the upper decile of the citations distribution each year. 
 
 

Table C1. Poisson QML Regressions for the Effect of the Updating  
Component on Citation-Weighted Patents 

 

(replicates citation-weighted regressions in Table 4) 

 
Notes: The dependent variable is an annual count of citation-weighted patents for firm i 
in sector j at time t. A Poisson Quasi Maximum Likelihood firm fixed effects estimator 
is used. All specifications include the following additional variables, which are 
described in more detail in the Data Appendix: Sector Returnj(t-2,t-4), Aggregate 
Uncertaintyt-2 and the interaction of these two variables. The number of 
firms/observations varies relative to the results in Table 4 because firms with all zeros 
on citations drop out. The figures for “Patents in Estimation” refer to the aggregate 
number of patents by firms included in each regression. Robust standard errors clustered 
by firm are reported in parentheses: “a” is for significance at the 1 percent level “b” for 
the 5 percent level and “c” for the 10 percent level.  

 

1930-36 1930-32 1933-36
[1] [2] [3]

Sector Returnj,t-1 0.502 -7.744 -1.110
[0.455] [2.671]a [0.887]

Sector Uncertaintyj,t-2 -0.119 0.197 -0.321
[0.095] [0.202] [0.144]b

Sec. Returnj,t-1  x Sec. Uncertaintyj,t-2 -0.081 3.639 0.348
[0.146] [1.153]a [0.249]

Firms 435 290 339
Observations 2,457 834 1,259
Patents in Estimation 49,683 21,330 26,469

Citation-Weighted Patents



Table C2. Robustness: Poisson QML Regressions for the Effect of the Updating Component 
on Patents and Citation-Weighted Patents for the 1930-32 and 1933-1936 Sub-Periods 

 

(replicates citation-weighted regressions in Tables 5 and 6) 

 
Notes: The dependent variable is an annual count of patents or citation-weighted patents for firm i in sector j at time t. A Poisson Quasi Maximum Likelihood 
firm fixed effects estimator is used. All specifications include the following additional variables, which are described in more detail in the Data Appendix: Sector 
Returnj(t-2,t-4), Aggregate Uncertaintyt-2 and the interaction of these two variables. The number of firms/observations varies relative to the results in Tables 5 and 6 
because firms with all zeros on citations drop out. “High Uncertainty” and “Low Uncertainty” are defined as sectors with above and below median sector-level 
uncertainty. Fixed capital and liquidity (working capital) are from Moody’s. The figures for “Patents in Estimation” refer to the aggregate number of patents by 
firms included in each regression. Robust standard errors clustered by firm are reported in parentheses: “a” is for significance at the 1 percent level “b” for the 5 
percent level and “c” for the 10 percent level. 
 

[1] [2] [3] [4] [5] [1] [2] [3] [4] [5]

Sector Returnj,t-1 -20.420 -9.525 -8.841 -7.524 -8.409 0.989 -2.708 -0.875 -1.108 -1.078
[15.085] [4.310]b [3.684]b [3.916]c [3.708]b [1.516] [1.782] [1.044] [1.045] [1.033]

Sector Uncertaintyj,t-2 0.702 0.376 0.310 0.239 0.285 0.078 -0.796 -0.344 -0.362 -0.359
[0.767] [0.443] [0.295] [0.293] [0.295] [0.311] [0.330]b [0.187]c [0.190]c [0.192]c

Sec. Returnj,t-1  x Sec. Uncertaintyj,t-2 7.819 3.820 3.889 3.479 3.766 -0.266 0.855 0.333 0.378 0.380
[5.060] [2.284]c [1.483]a [1.543]b [1.454]a [0.436] [0.569] [0.302] [0.307] [0.309]

log (Fixed Capital)i,j,t-1 -0.275 -0.667 -0.132 -0.203
[0.435] [0.524] [0.189] [0.173]

log (Liquidity)i,j,t-1 0.543 0.549 0.448 0.467
[0.474] [0.467] [0.240]c [0.242]c

Firms 110 180 129 128 127 132 207 186 184 183
Observations 315 519 362 356 354 493 766 665 656 654

Sectors High
Uncertainty

Low
Uncertainty All All All High

Uncertainty
Low

Uncertainty All All All

Patents in Estimation 5,699 15,631 12,101 11,921 11,916 7,003 19,466 17,409 17,150 17,141

Citation-Weighted Patents: 1930-32 Citation-Weighted Patents:1933-36



Table C3. Additional Robustness:  Poisson QML Regressions for the Effect of the Updating 
Component on Citation-Weighted Patents for the 1930-1932 Sub-Period 

 

(replicates citation-weighted regressions in Table 7) 

 
Notes: These regressions are robustness checks on the specification in column 10 of Table 
5. The dependent variable is an annual count of citation-weighted patents for firm i in sector 
j at time t. A Poisson Quasi Maximum Likelihood firm fixed effects estimator is used. All 
specifications include the following additional variables, which are described in more detail 
in the Data Appendix: Sector Returnj(t-2,t-4), Aggregate Uncertaintyt-2 and the interaction of 
these two variables. Fixed capital, liquidity (working capital) and sales are from Moody’s. 
Column 1 includes interactions of sector return(jt-1) and Moody’s firm level variables. The 
number of firms/observations varies relative to the results in Tables 5 and 6 because firms 
with all zeros on citations drop out. The figures for “Patents in Estimation” refer to the 
aggregate number of patents by firms included in each regression. Robust standard errors 
clustered by firm are reported in parentheses: “a” is for significance at the 1 percent level 
“b” for the 5 percent level and “c” for the 10 percent level.  

 
 
 
 

[1] [2] [3] [4]

Sector Returnj,t-1 -12.101 -17.252 -16.407 -16.082
[3.917]a [4.270]a [4.063]a [5.453]a

Sector Uncertaintyj,t-2 0.419 0.840 0.924 0.254
[0.285] [0.378]b [0.464]b [0.658]

Sec. Returnj,t-1  x Sec. Uncertaintyj,t-2 4.017 7.873 6.969 6.475
[1.350]a [1.802]a [1.492]a [2.265]a

log (Fixed Capital)i,j,t-1 -0.661 -1.115 0.928 0.220
[0.528] [0.764] [1.473] [1.408]

log (Liquidity)i,j,t-1 0.536 0.817 3.062 1.706
[0.433] [0.492]c [0.947]a [0.676]b

log (Value Added)j,t-1 -0.766 -0.081
[1.127] [1.216]

log (Sales)ij,t-1 -0.083 1.244
[0.593] [0.366]a

Firms 127 91 47 35
Observations 354 254 132 96

Additional Controls Signal x Firm-
Level None None None

Patents in Estimation 11,916 9,270 5,866 5,173

Citation-Weighted Patents



1 Data Appendix

1.1 National Research Council Data

We obtained data on research �rms from the 1921, 1927, 1931, 1933 and 1938 editions of the
National Research Council�s (NRC) Research Laboratories in Industrial Establishments of the
United States. From each edition we collected �rm-level observations including the location of
the �rm�s laboratory (or laboratories) and the number of research workers employed at each lab.
For �rms with multiple labs, we summed the number of research workers employed. Our dataset
includes 2,777 �rms.

1.2 Value Added and GDP

Based on the description of research activities listed in the NRC reports we allocated each �rm
into one of 15 Census of Manufactures value added sectors and an additional miscellaneous sector.
Although the Census of Manufactures reports 19 sectors for our time period we dropped four -
primary metal, fabricated metal, non-electrical machinery and transportation equipment - because
value added data for these categories only started in 1937. Our 16 sectors are as follows:

Food and Kindred Lumber and Wood Chemicals Stone, Clay and Glass
Tobacco Furniture and Fixtures Petroleum and Coal Electrical Equipment

Textile Mill Products Paper and Products Rubber and Plastics Instruments and Related
Apparel and other Textiles Printing and Publishing Leather Miscellaneous

Because the Census of Manufactures was reported biennially in odd years for our time period
we followed the method of Baier, Dwyer Jr and Tamura (2006) and imputed annual value added
observations under the assumption that annual increments to value added evolved in the same
way as annual increments to GDP. For example, to calculate value added for a sector at t = 1922,
we used the corresponding level of GDP in t = 1921 and t = 1923 and established the share of the
increase coming from t = 1921 to t = 1922 and t = 1922 to t = 1923. We then used these shares
(which sum to one) to impute the missing value added observation for t = 1922.

1.3 Patents and Citations

We hand matched each �rm in the NRC editions against patent assignees in the European Patent
O¢ ce�s PATSTAT database of successful US patent applications for the period 1921-1938. We
determined a patent count for each �rm-year observation. 52 percent of our dataset of 2,777 �rms
patented at least once.
We also established �rm-year citation count observations using a dataset containing all cita-

tions to patents from February 1947 to September 2008 that we compiled from 5.1 million XML
�les supplied to us by James Ryley (President) and David Hawley (Director of R&D) of FreeP-
atentsOnline.com. In order to identify high quality patents we counted citations only in the upper
quartile of the citations distribution each year (we also report results for upper centile citations
in Appendix C). To adjust for the loss of citations to earlier patents (prior art in early patents
gets absorbed into later patents over time) we calculated !, the ratio of total 1947-2008 citations
to patents applied for in a base year (1920) to total 1947-2008 citations to patents at time t for

http://www.freepatentsonline.com
http://www.freepatentsonline.com


t = 1921:::1938. Citations to the patents of �rm i at time t were then de�ned as the absolute
value of

P
(citationsit)!t. We used absolute values to preserve the count property of the citations

data.
We removed self citations. We standardized the names of patent assignees in the European

Patent O¢ ce�s PATSTAT database and excluded all observations where the cited patent assignee
and citing patent assignee matched.

1.4 Signal and Uncertainty Measures

We used CRSP daily data to construct signal and uncertainty measures used in our empirical
analysis. We mapped the two-digit SIC codes (the CRSP variable �hsicmg�) into our 16 sectors
listed above by restricting the CRSP data�le to manufacturing SIC codes (20 to 39) and by
excluding SIC codes 33, 34, 35 and 37 to obtain a one-to-one match. The measures we use in our
regressions were constructed as follows:

1. Sector Returnj;t�1(signal): Mean daily return inclusive of dividends at time t � 1 on an
equal-weighted portfolio of �rms in sector j.

2. Sector Uncertaintyj;t�2 (uncertainty): Standard deviation of the mean daily return inclusive
of dividends at time t� 2 on an equal-weighted portfolio of �rms in sector j.

3. Sector Returnj;t�1� Sector Uncertaintyj;t�2 (updating component): interaction of 1: and 2:

4. Sector Returnj;(t�2;t�4) (mean prior): Mean daily return inclusive of dividends from time
t� 2 to t� 4 on an equal-weighted portfolio of �rms in sector j.

5. Aggregate Uncertaintyt�2: Standard deviation of the equally-weighted market return inclu-
sive of dividends at time t� 2.

6. Sector Returnj;(t�2;t�4)� Aggregate Uncertaintyt�2: interaction of 4: and 5:

1.5 Financial Variables

We matched each �rm in the NRC volumes against balance sheet and income statement data
reported in Moody�s Manual of Industrials. Where available, we extracted the following items:
�xed capital, working capital and sales. We obtained at least one of these variables for 30 percent
of the patenting �rms in our dataset. All of our variables were converted to real values using a
GDP de�ator (1929=100) calculated using the data in Johnston and Williamson (2008).




