'.) Check for updates

DOI: 10.1111/acfi.13245

ACCOUNTING G:fuanz

RESEARCH ARTICLE & FINANCE

Using machine learning and 10-K filings to measure
innovation

Essi Nousiainen | Mikko Ranta | Mika Ylinen | Marko Jirvenpia
School of Accounting and Finance, Abstract

University of Vaasa, Vaasa, Finland The purpose of this paper is to develop and validate a
Correspondence text-based measure of innovation using latent Dirichlet al-
Essi Nousiainen, University of Vaasa, P.O. location on a sample of 45,409 10-K filings from US listed

Box 700, 65101 Vaasa, Finland.

e 2 - companies. We expect that the text-based innovation meas-
Email: essi.nousiainen@uwasa.fi

ure is associated with innovation and can be used to measure

Funding information innovation for companies without patents or significant re-
2vald ja Hilda Nissin 8adtic; search and development expenditures. The empirical results
OP Group Research Foundation, Grant/ . . p p - . p

Award Number: 20200132 are consistent with these assumptions, but reveal that thor-

ough initial testing is required to ensure robustness. This
study extends the research on innovation measurement and
company disclosures, and provides a new method for assess-
ing innovation using company disclosures.

KEYWORDS

10-K, disclosure of innovation, innovation, text analysis, topic
modelling

JEL CLASSIFICATION
M40

1 | INTRODUCTION

Corporate innovation is among the most important drivers in boosting long-term growth and the
competitiveness of a firm (e.g., Bellstam et al., 2020; Chang et al., 2015; Holmstrom, 1989). Thus,
research on various characteristics and determinants of innovation has gained growing inter-
est among accounting and finance scholars (see e.g. Chenhall & Moers, 2015; He & Tian, 2018;
Huanget al., 2021). Prior empirical research has used survey instruments (e.g. Bedford et al., 2019;
Bisbe & Malagueitio, 2009; Henri & Wouters, 2020; Moulang, 2015; Miiller-Stewens et al., 2020;
Nuhu et al., 2022; Ylinen & Gullkvist, 2014), patent-based proxies (e.g. Bedford et al., 2021;
Cai et al., 2021; Grabner et al., 2018; Ple¢nik et al., 2022; Speckbacher & Wabnegg, 2020; Tang
et al., 2021; Zhou & Sadeghi, 2021) and R&D expenditures (e.g. Acharya & Xu, 2017; Helling
et al., 2020; Liang, 2022; Zhang et al., 2023) to measure various facets of innovation performance.
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However, due to its abstract and multidimensional nature, corporate innovation is consid-
ered a challenging object to measure. Scholars have recognised that innovation indicators are
context- and innovation type-specific, and especially affected by the industrial sector (Guo
et al., 2019). Even though patents and new product development are useful innovation proxies
among some industries, it is important to recognise that innovation encompasses more than
just the development and introduction of new products and patents. Empirical evidence from
Hall et al. (2013) suggests that only a small fraction, approximately 4%, of innovative firms
engage in patenting activities. Similarly, Bellstam et al. (2020) found that among their sample
of 703 firms from the S&P 500 spanning 1990-2010, 219 firms had no patents, and 329 firms
did not engage in any research and development (R&D) activities. Therefore, relying solely
on patent-based measures may overlook a wide range of innovation activities undertaken
by firms. Moreover, Saidi and Zaldokas (2021) find a trade-off between patenting and trade
secrets and Ciftci and Zhou (2016) find that there are more benefits of disclosing patents for
industries with strong protection of intellectual property. In sum, patents and R&D expenses
are only partial innovation measures (Dziallas & Blind, 2019).

Therefore, researchers are actively seeking alternative measures of innovation that would
capture various dimensions of innovation beyond product introductions. To complement these
more traditional survey and patent-based measures of innovation performance, there have
been recent calls and attempts to use machine learning (ML) methods for creating alterna-
tive ways to measure corporate innovation (see Bellstam et al., 2020; Lu & Chesbrough, 2022;
Ranta et al., 2023). One stream of research is actively implementing text-based methods for
innovation measurement. By adopting a text-based measure, researchers can gain insights into
the diverse innovation activities undertaken by firms, providing a more comprehensive assess-
ment of their innovative capabilities.

We contribute to this literature by examining, whether narrative sections of 10-K filings are a
suitable source of innovation measurement, with the help of ML. The study conducted by Bellstam
et al. (2020) presents compelling findings that support the notion of employing text-based mea-
sures to capture a broader scope of innovative achievements beyond the conventional approach
that relies on proxies such as patent counts and citations, which predominantly focus on product
innovations. By adopting a more comprehensive perspective on measuring innovation, our ML
approach offers novel insights and facilitates a more nuanced examination of corporate innovation
performance. This approach is particularly valuable as the text-based innovation measure allows
for the inclusion of all firms, including those that do not engage in patent creation or invest in R&D
activities. The use of natural language processing (NLP) methods ensures that instead of manually
rating financial statements for innovation, we can simultaneously generate thousands of innova-
tion ratings based on the same quantitative standards. Using a text-based method for innovation
measurement is transparent and replicable, and is not based on human judgement.

This study aims to understand how firms disclose innovative activities in their 10-K filings,
and whether their innovativeness can be measured from the text in 10-K filings. Our approach
is similar to Bellstam et al. (2020), who use analyst reports and NLP to construct a measure of
innovation. It is a text-based measure of firm innovativeness based on latent Dirichlet alloca-
tion (LDA). The essence of the method is a way for a computer to ‘learn’ the topics present in
a collection of documents, without knowing in advance what those topics might be. The result
is a set of topics, each represented as a collection of words, and a set of documents, each repre-
sented as a mixture of these topics. However, we develop the approach of Bellstam et al. (2020)
further by experimenting with different model choices and examining how robust these meth-
ods are for measuring innovation, and how the model parameters affect the outcomes. We
present an alternative model of LDA that is potentially a more reliable measure of innovation
when used with annual reports.

The results demonstrate that 10-K filings are suitable for measuring company innova-
tion. Our analysis using a topic model to assess innovation proves adept at predicting a firm's
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innovation outcomes based on patents. Additionally, our findings suggest that text-based mea-
sures share comparable relationships with performance metrics commonly associated with more
conventional innovation proxies like patent counts. Importantly, our method demonstrates ef-
fectiveness in measuring innovation among companies that don't rely heavily on patents and in
industries with lower patenting activity. Furthermore, our study underscores the significant im-
pact of design choices in ML-based text models on their applicability in measuring innovation.
We highlight that the model architecture developed by Bellstam et al. (2020) is not optimally
suited for gauging innovation when applied to annual reports. However, by implementing spe-
cific modifications to the model, our approach enables its utilisation with annual reports as well.

Our paper contributes to the literature on alternative innovation measures. The availability
of patenting data is limited, and not all firms patent or engage in R&D. A definite advantage of
innovation measurement from 10-K filings is that they are public documents and are available
for all listed companies. This measurement does not depend on patent or R&D data availabil-
ity. Second, our study makes methodological contributions to NLP methods in accounting and
finance research by applying LDA to companies' textual disclosures. We expect our ML ap-
proach to shed light on the topical content used in 10-K filings. Our research combines finan-
cial disclosures and NLP methods for quantitative measurement and obtaining quantitative
information for complex phenomena from narrative sections of 10-K filings. Our text-based
measure of innovation is accessible and extends the previous literature by using corporate dis-
closures to measure firm characteristics. Finally, we shed new light on the robustness of these
methods and document how the efficiency of these methods is highly dependent on the source
material and architectural choices of the text models.

The rest of the paper is organised as follows. Section 2 discusses the related literature and
develops our research question. Section 3 introduces the research methodology and the data
and sample. Section 4 discusses the empirical results, and Section 5 presents additional anal-
yses. In the final section, the main findings and implications of the research are summarised
and discussed.

2 | LITERATURE AND RESEARCH QUESTION
DEVELOPMENT

Studies within business disciplines persistently seek improved methodologies for defining and
assessing corporate innovation. Empirical accounting and finance research utilise innovation
proxies such as survey tools, patents and R&D spending. Notably, patents and R&D expen-
ditures are extensively employed. However, these proxies have acknowledged limitations, as
highlighted in the accounting literature as well (e.g., Huang et al., 2021), potentially lacking
comprehensive representation of the intricate phenomenon examined. Beyond the previously
highlighted indicators, a further array of metrics comes into play. The work of Dziallas and
Blind (2019) unfolds as a comprehensive exploration, culminating in the identification of 82
unique innovation indicators. Their inquiry encompasses diverse innovation dimensions, il-
lustrating its susceptibility to multifaceted analyses. Within their investigation, the authors
identify six phases that traverse the innovation process, namely strategy formulation, prod-
uct definition, product concept development, validation phase, production phase and market
launch and commercialisation. This paper demonstrates researchers' active pursuit of method-
ologies to assess the entirety of these innovation dimensions.

Previous research has produced innovative metrics aimed at achieving a more comprehensive
representation of innovation. These include text-based measures of innovation, other novel ways
to capture innovation and other types of innovation research that utilise text mining (Antons
et al., 2020). Recent examples include: Bellstam et al. (2020), who developed a text-based in-
novation measure using analyst reports and topic modelling; Kogan et al. (2017), who built an
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innovation measure to improve traditional patent count measures by combining patent data
with stock market reactions to patent news; Mukherjee et al. (2017), who used the stock mar-
ket reaction to new product announcements as an alternative innovation measure; and Cooper
et al. (2022), who used the firm-specific output elasticity of R&D as an innovation measure.

The objective of this particular study is to develop an innovation measure that captures
the degree of innovativeness across all stages of the innovation process by identifying text
associated with innovation, rather than focusing exclusively on a specific type of innovation
(Dziallas & Blind, 2019). Previous literature has demonstrated that financial report text can
provide valuable information and can be used for various research purposes. We aim to extend
the literature on using ML methods to analyse annual report text and innovation measurement
methods. Based on the assumption that firms will communicate their innovativeness to inves-
tors and competitors, and the fact that research findings support more disclosure from inno-
vative companies (Huang et al., 2021) and accelerated patent disclosures in highly competitive
product markets (Glaeser & Landsman, 2021), we study whether financial report text can be
used to measure innovation with the help of ML.

We are also interested in seeing how sensitive these text-based measures are to the initial
design choices of the text model. This research aims to compare different model choices and
source materials to analyse how sensitive the identification of innovativeness is to the chosen
methodological approach. We evaluate which method performs best and discuss the possible
reasons why that specific model is preferred for identifying innovative firms. As previous lit-
erature has mostly used proxies that measure only a specific type of innovation, like patenting
activity, our goal is to formulate and analyse the suitability of text-based methods for broad
identification of innovation that would also identify innovative non-patenting companies.

3 | METHODOLOGY AND DATA
3.1 | Methodology

ML proves to be an invaluable tool for extracting insights from unstructured data, typically
difficult to comprehend otherwise. This feature has also attracted the interest of business re-
search, examples of which are articles by Ahmed et al. (2023), Bao et al. (2020), Bei et al. (2021),
Bertomeu et al. (2021), Ding et al. (2020), Jones and Alam (2019), as well as the recent work by
Ranta and Ylinen (2023a, 2023b). These studies demonstrate how ML is able to isolate useful
information from complex data, making it a promising tool to measure abstract concepts, such
as innovation, from textual disclosure.

ML for textual analysis, often called natural language processing (NLP), can find patterns
in text that would be impossible to detect through manual reading, and the qualitative content
in financial statements can be used to garner more nuanced information about the organi-
sation than financial statement metrics (Lewis & Young, 2019). In addition, new ML meth-
ods and increases in computing capacity enable more efficient analysis of large data masses.
Thus, a significant portion of current research in accounting and finance employs ML meth-
ods for the purpose of textual analysis, examples being studies by Belloque et al. (2021), Cai
et al. (2019), Clarkson et al. (2020), Garanina et al. (2021), Ylinen and Ranta (2023), Zengul
et al. (2021) and Zhu et al. (2017).

A considerable body of prior research has leveraged ML methods in the analysis of 10-K
texts, and the volume of new studies in this area is steadily increasing. Notable contributions
include works by Basu et al. (2022), Brown et al. (2020), Buehlmaier and Whited (2018), Donovan
et al. (2021), Dyer et al. (2017), Frankel et al. (2016), Hoberg and Maksimovic (2015), Kim
et al. (2019) and Lehavy et al. (2011). These studies exemplify the diverse applications of ML
techniques to extract valuable insights from 10-K documents. 10-K filings contain information
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about firms' strategies and products, including innovations, new products and goals. The word
choices for discussing these issues could signal innovativeness, for example, extensively discuss-
ing new product releases (product innovation) or new business models and strategy development
(business process innovation). Thus, we see 10-K filings as a promising source of innovation
measurement when combined with ML methods.

We select an unsupervised ML method for building the innovation metrics, since unsuper-
vised methods do not require response variables. We wish to avoid using some other innovation
proxy as a response variable for the text-based innovation measure because it could direct the
model to measure that innovation proxy or limit the use of the measure to the availability of a
specific data variable. More specifically, we use LDA (Blei et al., 2003) to construct our inno-
vation measures. LDA is a probabilistic topic modelling method that presents the predefined
number of topics as the probability distributions of words from a predefined vocabulary. The
model does not label the topics. The output of the LDA model is the topics' word distributions
(percentage of each word in the topic) and the intensity of each topic in each of the documents.
The output can then be used to infer topic distribution for any document unseen by the model,
and we use this ability to obtain a topic distribution for the innovation textbook and employ
the topic distributions and topic intensities in our innovation measure.

We train eight models, with the number of topics at 15, 20, 25, 30, 35, 40, 60 and 80, to test
the sensitivity of the method to its initial parameters. Different numbers of topics might affect
the results in various ways. A greater number of topics affects the innovation score, resulting in
lower values for individual topic intensities. A great number of topics could also result in top-
ics that have no meaning or, conversely, generate meaningful topics that do not appear with a
low number of topics. To validate the new innovation indicators, we test them on patent-based
innovation indicators and firm performance variables with panel regressions.

Our approach includes two alternative LDA-based innovation measurement methods: the
topic weight method and the topic distribution method. The topic weight measure, based on
Bellstam et al. (2020), selects an ‘innovation topic’ from the model using an innovation text-
book Managing innovation (Tidd et al., 2005). An innovation topic is chosen from all of the
topics generated by each LDA model by calculating the Kullback-Leibler (KL) divergence be-
tween the word distribution of each topic and the innovation textbook. The innovation topic is
then the topic with the lowest KL divergence to the innovation textbook. The final innovation
measure in this method is the loading of the innovation topic for each 10-K filing.

For the topic distribution measure, we compare the topic distributions of the innovation
textbook and each of the 10-K filings. We calculate the KL divergence between the topic dis-
tribution of each 10-K filing and the innovation textbook, which is the final innovation metric
with this method. The more the topic distributions differ, the larger the divergence; conse-
quently, more innovative firms should have a lower value. However, to simplify the analysis,
we invert the values so that a larger value represents higher innovation.

3.2 | Data and sample

As a textual source of innovation, we use the annual reports of US companies. A definite ad-
vantage of innovation measurement from 10-K filings is that they are public documents and
are available for all listed companies. Thus, the measurement does not depend on patent or
R&D data availability. The same applies for using analyst reports as textual source (Bellstam
et al., 2020), as they are usually not freely available. We initially train the LDA models with a
sample of 45,409 SEC 10-K filings of public US companies from the years 2008-2018. The texts
are pre-processed by lowercasing, removing punctuation, and converting the words into Unicode
strings (tokens). Stop words, such as ‘and’, ‘the’, ‘no’, and other common words in English that
are not important for the analysis are removed. Finally, before training the model, the number
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of words in the dictionary is limited to the most common 100,000 words, excluding those that
appear in more than 90% or less than four (individual) of the documents. In addition to 10-K
filings, accounting data from the Thomson Reuters Eikon database and patent and citation data
from Noah Stoffman's website are used in this study (Kogan et al., 2017). We use a cross-industry
dataset to ensure that the innovation metric is applicable regardless of industry. Once we com-
bine the innovation measures with the patenting data and Eikon variables, and remove missing
values, the final sample size is 8734 firm-year observations. The final sample may be subject to
selection bias, since larger companies are better represented in financial databases.

Descriptive statistics on both innovation measures are presented in Table 1. The topic distri-
bution innovation measure is quite evenly distributed and the medians and means are close to
each other across the different models. Since the topic distribution measure is essentially a KL-
divergence score, the closer to 0 the innovation score is, the more innovative the firm should be.

TABLE 1 Descriptive statistics and correlation coefficients for the topic distribution and topic weight
measures of innovation.

No. of topics 15 20 25 30 35 40 60 80
Topic Descriptive statistics
distribution gy ¢ 45078 45078 45078 45078 45078 45078 45078 45078

Mean 49405 53686 57573 5.5461 57670 6.6942  6.6321 6.6273

Standard 29429 23003  2.1206 19181 1.8471 2.3111 2.0313 1.3720
deviation

Median 41633 53233 57924  5.6310 5.8241 6.6351 6.6745  6.7253

Correlations

15 1

20 0.6988 1

25 0.6999 08704 1

30 0.7186  0.8809  0.8715 1

35 0.7257  0.8292  0.8326  0.8739 1

40 0.8082  0.7344 0.7628 0.7720 0.7826 1

60 0.6667 0.8088  0.8125  0.7998  0.7871 0.7323 1

80 0.6717  0.7964  0.8073  0.8299  0.8385  0.7479 0.8236 1

Topic weight Descriptive statistics

Count 45,078 45,078 45,078 45,078 45,078 45,078 45,078 45,078

Mean 0.0449  0.0848 0.0647 0.0730 0.0547 0.0115 0.0530 0.0314

Standard 0.1095  0.1927  0.1708 0.1760  0.1450  0.0851 0.1384  0.1175
deviation

Median 0.0046  0.0001  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000

Correlations

15 1

20 -0.0821 1

25 —0.0740 0.9211 1

30 —0.0825 0.9580  0.9285 1

35 —-0.0752 0.7943  0.8332  0.8358 1

40 0.1213  —-0.0495 -0.0427 -0.0477 -0.0429 1

60 —0.0628 0.1048 —0.0372  0.0543 -0.0854 -0.0374 1

80 —0.0578 0.8238  0.8622  0.8579  0.7969 —0.0322  —-0.0540 1
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Table 1 also presents the correlation coefficients between the topic-number distinguished models of
the topic distribution measure. As can be seen from the table, the topic distribution measure is quite
robust to changes in the predefined number of topics. The correlation coefficients stand mainly be-
tween 0.7 and 0.9. The topic weight measure ranges between 0 and 1, depending on the intensity of
the ‘innovation topic’ in the specific 10-K filing. The mean and median, reported in the lower panel
of Table 1, are generally quite low and close to 0 with the median value being 0 for most of the topic-
number distinguished models. There is also high variability in the correlation coefficients with the
topic weight innovation measure, ranging from negative and close to zero coefficients to the highest
correlation of 0.9285. This finding does not support the consistency of the topic weight measure,
and suggests that thorough testing is needed when using this approach for measuring innovation
from annual reports. We give more insight into this finding in the next section.

The descriptive statistics for the patent variables and financial variables, as well as the cor-
relation coefficients, are reported in Table 2.

4 | EMPIRICAL RESULTS

4.1 | Model comparison

4.1.1 | Patent-based innovation

We proceed by studying the association between LDA-based innovation measurement meth-
ods and patent-based innovation. We analyse two different models described in the previous

section: the topic weight method and the topic distribution method. Furthermore, we evaluate

TABLE 3 The performance of the topic distribution measure of innovation on patent count and citation count.

No. of topics 15 20 25 30
Dependent
variable log (Patents)  log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)

Explanatory variable

Text innovation  0.0274*%* 0.0520%+* 00362+ 004823 0.0368% 0.0537%%* 0.0500%%* 0.0646%+*
(topic dist.) (0.0087) (0.0118) (0.0090) (0.0125) (0.0094) (0.0130) (0.0112) (0.0156)
ROA —0.0092%%%  —0.0105%*%  —0.0034%F*  —0.0037F*  —0.0034***  —0.0037F%F  —0,0034+5* ~0.0037%**
(0.0006) (0.0008) (0.0003) (0.0004) (0.0003) (0.0004) (0.0003) (0.0004)
R&DISales 0.00002 0.00003 0.00001 0.00002 0.00001 0.00002 0.00001 0.00002
(0.00004) (0.00005) (0.00002) (0.00003) (0.00002) (0.00003) (0.00002) (0.00003)
log (Sales) 0.0193 0.0163 ~0.0368* ~0.0368 ~0.0365* ~0.0376 ~0.0368* ~0.0364
(0.0211) (0.0300) (0.0197) (0.0281) (0.0196) (0.0279) (0.0197) (0.0280)
log (Assets) 0.4874% 0.5865%+ 048734 0.5714%%% 0.4852%% 0.5700%** 0.4862%** 0.5696***
(0.0209) (0.0294) (0.0205) (0.0292) (0.0196) (0.0289) (0.02094) (0.0290)
log (Age) 0.2999%+* 0.2061%%* 0.2651%** 0.1692%** 0.2668%** 0.1713%%* 0.2616%** 0.1648%
(0.0319) (0.0414) (0.0311) (0.0406) (0.0311) (0.0406) (0.0311) (0.0406)
Total debt/Total ~ —0.0023%%*  —0.0031%**  —0.0012%**  —0.0017%**  —0.0012%%*  —0.0017%%*  —0.0012%%* ~0.0016%+*
capital (0.0005) (0.0007) (0.0004) (0.0005) (0.0004) (0.0005) (0.0004) (0.0005)
Beta —0.0675%**  —0.0668** ~0.0434%* ~0.0448* ~0.0438%* ~0.0449* —0.0424%* ~0.0436*
(0.0185) (0.0265) (0.0178) (0.0254) (0.0178) (0.0253) (0.0178) (0.0253)
SIC4 FE X X X X X X X X
Year FE X X X X X X X X
Observations 8708 8708 8708 8708 8708 8708 8708 8708
R’ 0.3907 0.3078 0.3690 0.2876 0.3690 0.2878 0.3693 0.2878

Note: The table contains panel regressions for logged patents and citations on the topic distribution measure of innovation.
The columns present the topic count of the base-LDA-model for Text innovation. Other controls include firm-year observations
for ROA, R&D/Sales, log (Sales), log (Assets), log (Age), Total debt/total capital and Beta. Industry and time fixed effects are
included in each model and standard errors are robust. *, ** and *** indicate statistical significance at 10%, 5% and

1% levels, respectively.
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how robust the text-based innovation metrics are by varying the number of topics in the LDA
models. To assess the association between the text-based innovation measurement and patent-
based innovation, we specify the following two baseline regression models:

a+p,Text_inn;, + p,ROA; + f;R&D [ Sales;, + p,log(Sales),, +

log(Patents);, = Total debt
&( i Bslog(Assets), + fglog(Age);, + p; ————— +PgBeta, +u;+y,+¢,, M
Total capital, /

a+ p,Text_inn;, + p, ROA; + f;R&D [ Sales;, + p,log(Sales),, +

log(Citations);, = Total debt
&( i Bslog(Assets);, + fslog(Age);, + f,—————— +PsBeta,+u;+y,+¢,, @
Total capital,, /

where the variable definitions can be found in the Appendix (Tables Al and A2). The explanatory
variable in Equation (1) is the logged number of patents for firm 7in year z. The explanatory variable
in Equation (2) is the logged number of patent citations for firm /in year ¢. The variable of interest in
both is Text_inn, which represents the firm-year observation of each text-based innovation measure.
Included control variables are firm age, total assets, return on assets, R&D intensity, beta and net
sales. A more detailed description of the control variables is presented in Appendix (Tables Al and
A2). The y; term represents the SIC4 industry fixed effects and y, the year fixed effects.

We start with the topic distribution model and the results for Equations (1) and (2) are pro-
vided in Table 3. We estimate in total eight models by varying the predefined number of topics.
As we can see from the results regarding both models, the topic distribution method is strongly
associated with patenting. The coefficients of text innovation are consistently statistically sig-
nificant and positive.

35 40 60 80
log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)
0.0927*** 0.1305%** 0.0696*** 0.0930%** 0.0671%** 0.0773%** 0.0820%** 0.1192%**
(0.0122) (0.0160) (0.0095) (0.0131) (0.0098) (0.0128) (0.0150) (0.0197)
—0.0035%** —0.0038%** —0.0111%** —0.0131*** —0.0034*** —0.0037#** —0.0035%** —0.0037***
(0.0003) (0.0003) (0.0007) (0.0010) (0.0003) (0.0003) (0.0003) (0.0003)
0.000004 0.00002 0.00001 0.000004 0.000003 0.00002 0.00001 0.00002
(0.00002) (0.00003) (0.00004) (0.00005) (0.00002) (0.00003) (0.00002) (0.00003)
—0.0438** —0.0473* 0.0080 0.0025 —0.0445%* —0.0439 —0.0382* —0.0400
(0.0198) (0.0274) (0.0210) (0.0306) (0.0197) (0.0275) (0.0197) (0.0275)
0.4993*+* 0.5893*+* 0.5020%** 0.6073*** 0.4942%* 0.5772%** 0.4877*** 0.5736%**
(0.0208) (0.0278) (0.0206) (0.0296) (0.0204) (0.0277) (0.0204) (0.0277)
0.2279%** 0.1589%*** 0.3006%** 0.2127*%* 0.2641%** 0.1686*** 0.2602%** 0.1617***
(0.0310) (0.0377) (0.0313) (0.0408) (0.0311) (0.0377) (0.0311) (0.0377)
—0.0011%** —0.0015%* —0.0039%** —0.0054%** —0.0012%** —0.0017%** —0.0012%** —0.0016%**
(0.0004) (0.0005) (0.0006) (0.0008) (0.0004) (0.0005) (0.0004) (0.0005)
—0.0427** —0.0434* —0.0664%** —0.0748*** —0.0439%* —0.0460* —0.0420%* —0.0422
(0.0178) (0.0261) (0.0185) (0.0266) (0.018) (0.0261) (0.0178) (0.0261)
X X X X X X X X
X X X X X X X X
8708 8708 8708 8708 8708 8708 8708 8708

0.3726 0.2919 0.3938 0.3107 0.3717 0.2893 0.3702 0.2894
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TABLE 4 The performance of the topic weight measure of innovation on patent count and citation count.
No. of topics 15 20 25 30
Dependent variable log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)
Explanatory variable
Text innovation —0.4340%** —0.5757%%* 1.4248%** 1.9937##+* 1.3307*** 1.8003*** 1.3748%** 1.8823#*
(topic weight) (0.1210) (0.1685) (0.0883) (0.1233) (0.0983) (0.1358) (0.0999) (0.1394)
ROA —0.0033*** —0.0103%** —0.0036%** —0.0040%*** —0.0036%** —0.0039%** —0.0036%** —0.0039***
(0.0003) (0.0008) (0.0003) (0.0004) (0.0003) (0.0004) (0.0003) (0.0004)
R&D/Sales 0.00001 0.00001 0.00001 0.00002 0.00001 0.00003 0.00001 0.00003
(0.00002) (0.00005) (0.00002) (0.00003) (0.00002) (0.00003) (0.00002) (0.00003)
log (Sales) 0.0266 0.0259 —0.0387** —0.0401 —0.0324* -0.0310 —0.0328* —-0.0316
(0.0194) (0.0298) (0.0191) (0.0271) (0.0193) (0.0275) (0.0191) (0.0272)
log (Assets) 0.4715%** 0.5703%** 0.4902%** 0.5764%** 0.4853%** 0.5690%** 0.4874%** 0.5720%**
(0.0200) (0.0290) (0.0200) (0.0282) (0.0202) (0.0286) (0.0200) (0.0282)
log (Age) 0.2560%** 0.1804*** 0.2474%** 0.1443%** 0.2572%+* 0.1584*** 0.2483%** 0.1461%**
(0.0311) (0.0412) (0.0313) (0.0408) (0.0314) (0.0409) (0.0314) (0.0409)
Total debt/Total —0.0010%** —0.0031%** —0.0005%** —0.0008*** —0.0008* —0.0011%* —0.0007* —0.0010%**
capital (0.0004) (0.0007) (0.0004) (0.0005) (0.0004) (0.0005) (0.0004) (0.0005)
Beta —0.0435%* —0.0689*** —0.0559%** —0.0619** —0.0582%+** —0.0647%** —0.0536%** —0.0586%***
(0.0173) (0.0264) (0.0175) (0.0249) (0.0177) (0.0252) (0.0175) (0.0250)
SIC4 FE X X X X X X X X
Year FE X X X X X X X X
Observations 8734 8734 8708 8708 8708 8708 8708 8708
R? 0.3699 0.3069 0.3915 0.3132 0.3849 0.3045 0.3865 0.3066

Note: The table contains panel regressions for logged patents and citations on the topic weight measure of innovation. The
columns present the topic count of the base-LDA-model for Text innovation. Other controls include firm-year observations for
ROA, R&D/Sales, log (Sales), log (Assets), log (Age), Total debtltotal capital and Beta. Industry and time fixed effects are included
in each model and standard errors are robust. * ** and *** indicate statistical significance at 10%, 5% and 1% levels, respectively.

TABLE 5 The performance of the topic distribution measure of innovation on patent count and citation
count in the patenting firm subsample.

No. of topics 15 20 25 30

Dependent variable log (Patents)  log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)

Explanatory variable

Text innovation 0.0137 0.0449%%* 0.0327%%** 0.0469%** 0.0290%** 0.0547%** 0.0209 0.0286

(topic dist.) (0.0101) (0.0148) (0.0114) (0.0166) (0.0110) (0.0160) (0.0141) (0.0204)

ROA —0.0077%** —0.0086*** —0.0077%** —0.0084*** —0.0077%** —0.0084*** —0.0077%** —0.0084%***
(0.0008) (0.0012) (0.0008) (0.0012) (0.0008) (0.0012) (0.0008) (0.0012)

R&D/Sales 0.00005* 0.00005 0.00005* 0.00005 0.00005* 0.00005 0.00005* 0.00005
(0.00003) (0.00004) (0.00003) (0.00004) (0.00003) (0.00004) (0.00003) (0.00004)

log (Sales) 0.0746** 0.0702 0.0695%** 0.0702 0.0698** 0.0667 0.0741%+* 0.0771*
(0.0290) (0.0445) (0.0291) (0.0446) (0.0291) (0.0443) (0.0291) (0.0445)

log (Assets) 0.4742%%% 0.5463%** 0.4774%** 0.5408*** 0.4765%** 0.5432%%* 0.4728*%* 0.5340%**
(0.0282) (0.0445) (0.0280) (0.0442) (0.0280) (0.0440) (0.0280) (0.0441)

log (Age) —-0.0105 —0.1245%* -0.0174 —0.1445%** —0.0154 —0.1415%* -0.0180 —0.1453%**
(0.0390) (0.0561) (0.0385) (0.0557) (0.0386) (0.0558) (0.0387) (0.0558)

Total debt/Total —0.0004 —0.0006 —0.0003 —0.0006 —0.0003 —0.0005 —0.0003 —0.0006

capital (0.0005) (0.0007) (0.0005) (0.0007) (0.0005) (0.0007) (0.0005) (0.0007)

Beta —0.0026 0.0005 —0.0004 —0.0039 —0.0023 —0.0047 —0.0031 —0.0080
(0.0305) (0.0471) (0.0303) (0.0467) (0.0302) (0.0465) (0.0302) (0.0467)

SIC4 FE X X X X X X X X

Year FE X X X X X X X X

Observations 4401 4401 4401 4401 4401 4401 4401 4401

R? 0.4876 0.3327 0.4885 0.3323 0.4883 0.3329 0.4876 0.3313

Note: The table contains panel regressions for logged patents and citations on the topic distribution measure of innovation

for the patenting firm subsample. The columns present the topic count of the base-LDA-model for Text innovation. Other controls
include firm-year observations for ROA, R&D/Sales, log (Sales), log (Assets), log (Age), Total debtltotal capital and Beta. Industry
and time fixed effects are included in each model and standard errors are robust.

* %% and *** indicate statistical significance at 10%, 5% and 1% levels, respectively.
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35 40 60 80

log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)

1.1724%%* 1.6782%*+ —3.9744** —4.9659*** —0.3003%* —0.2008 1.5021%** 1.9767%**
(0.1076) (0.1483) (1.6061) (1.8801) (0.1378) (0.1969) (0.1439) (0.1955)

—0.0037*** —0.0040%*** —0.0033*** —0.0035%** —0.0035%*** —0.0037*** —0.0035%** —0.0038%**
(0.0003) (0.0005) (0.0003) (0.0004) (0.0003) (0.0004) (0.0003) (0.0004)

0.00001 0.00003 0.00001 0.00002 0.00001 0.00002 0.00001 0.00002
(0.00002) (0.00003) (0.00002) (0.00003) (0.00002) (0.00003) (0.00002) (0.00003)

—-0.0272 —0.0240 —0.0269 —0.0253 -0.0257 —0.0232 —0.0318* —0.0301
(0.0195) (0.0276) (0.0194) (0.0274) (0.0195) (0.0276) (0.0192) (0.0272)

0.4841%** 0.5680%** 0.4718*#* 0.5454 %% 0.4743 %% 0.5547%%* 0.4808%*** 0.5627*+%*
(0.0203) (0.0287) (0.0201) (0.0284) (0.0202) (0.0286) (0.0200) (0.0284)

0.2543%** 0.1535%** 0.2612%** 0.1619*** 0.2661%** 0.1718*** 0.2486%** 0.1475%*
(0.0312) (0.0406) (0.0311) (0.0400) (0.0312) (0.0407) (0.0314) (0.0409)

—0.0009%** —0.0012%** —0.0010%** —0.0014%** —0.0012%** —0.0017%** —0.0010%** —0.0014%**
(0.0004) (0.0005) (0.0004) (0.0005) (0.0004) (0.0005) (0.0004) (0.0005)

—0.0607*** —0.0691#** —0.0438** —0.0417* —0.0492%** —0.0511#** —0.0559%** —0.0613%**
(0.0178) (0.0253) (0.0173) (0.0247) (0.0177) (0.0253) (0.0177) (0.0252)

X X X X X X X X

X X X X X X X X

8708 8708 8734 8734 8708 8708 8708 8708

0.3782 0.2988 0.3697 0.2861 0.3681 0.2864 0.3788 0.2974

35 40 60 80

log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)

0.0586%** 0.1029%** 0.0179 0.0519%** 0.0341%** 0.0407** 0.0582%** 0.0973%**
(0.0151) (0.0224) (0.0114) (0.0169) (0.0114) (0.0171) (0.0179) (0.0273)

—0.0078%*** —0.0086%** —0.0107#%** —0.0118*** —0.0077*** —0.0083%*** —0.0077%** —0.0085%**
(0.0008) (0.0012) (0.0010) (0.0017) (0.0008) (0.0012) (0.0008) (0.0012)

0.00004** 0.00004 0.0001%+ 0.0001 0.00004* 0.00005 0.00005* 0.00004
(0.00003) (0.00004) (0.00005) (0.0001) (0.00002) (0.00004) (0.00003) (0.00004)

0.0644%* 0.0583 0.1134%* 0.0864* 0.0691** 0.0719 0.0679%** 0.0653
(0.0295) (0.0451) (0.0289) (0.0477) (0.0291) (0.0447) (0.0294) (0.0452)

0.4845%+* 0.5561*** 0.4617+%* 0.5606%** 0.4774%** 0.5388*** 0.4789%#* 0.5454%%*
(0.0287) (0.0450) (0.0272) (0.0453) (0.0280) (0.0442) (0.0282) (0.0446)

—-0.0202 —0.1500%** —=0.0071 —0.1219%** —-0.0146 —0.1408** -0.0169 —0.1441%**
(0.0385) (0.0556) (0.0391) (0.0562) (0.0386) (0.0558) (0.0386) (0.0558)

—0.0003 —0.0004 —0.0015 —0.0024** —0.0003 —0.0006 —0.0003 —0.0005
(0.0005) (0.0007) (0.0007) (0.0010) (0.0005) (0.0007) (0.0005) (0.0007)

—-0.0053 —0.0105 —0.0035 —0.0085 —0.0020 -0.0072 0.0023 0.0022
(0.0302) (0.0467) (0.0302) (0.0471) (0.0301) (0.0466) (0.0300) (0.0464)

X X X X X X X X

X X X X X X X X

4401 4401 4401 4401 4401 4401 4401 4401

0.4895 0.3348 0.4965 0.3399 0.4885 0.3319 0.4888 0.3333

:sdy) suonIpuo) pue ST 1 3§ “[H70Z/40/9¢] uo Areiqry aunuQ LI “eseeA JO ANSIAIUN Kq SHTEYOR/[ [11°01/10p/w0d"Ad[1Kreaquautjuoy:sdny woxy papeojumod 0 “X679L9P 1

opmA.

95U STOWII0) AATEAL) A[quaridde o) £q PALIOA0S AIE SAATIE YO oSN JO Sa[nI 10§ ATRIQIT AUIUQ) ASJIAY U0



12 | ACCOUNTING
& FINANCE  ‘Cafaanz

TABLE 6 The performance of the topic weight measure of innovation on patent count and citation count
in the patenting firm subsample.

No. of topics 15 20 25 30

Dependent variable log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)

Explanatory variable

Text innovation (topic —0.5728%*%%  —0.7660%**  (.9202%** 1.2617%%+ 0.7943%%+ 1.0295%%* 0.9175%%* 1.2452%%%
weight) (0.1459) (0.2135) (0.1005) (0.1495) (0.1030) (0.1551) (0.1032) (0.1560)
ROA —0.0077#%%  —0.0082%*%*  —0.0080%**  —0.0088%** ~0.0080%*%  —0.0087**%  —0.0079%**  —0.0087***
(0.0008) (0.0012) (0.0008) (0.0012) (0.0008) (0.0012) (0.0008) (0.0012)
R&DISales 0.00006** 0.00005 0.00004 0.00004 0.00005* 0.00004 0.00004* 0.00004
(0.00003) (0.00004) (0.00003) (0.00004) (0.00003) (0.00004) (0.00003) (0.00004)
log (Sales) 0.0899%+* 0.0917%* 0.0600%* 0.0578 0.0680%* 0.0695 0.0643%* 0.0638
(0.0285) (0.0432) (0.0289) (0.0441) (0.0292) (0.0443) (0.0288) (0.0440)
log (Assets) 0.4560%%* 0.5060%+* 0.4983%+ 0.5690%%* 0.4883% 0.5538%* 0.4936%++ 0.5622%%*
(0.0275) (0.0428) (0.0282) (0.0441) (0.0285) (0.0444) (0.0279) (0.0438)
log (Age) ~0.0303 ~0.1594%%% 00319 ~0.1644%%+ -0.0297 ~0.1602%*%%  —0.0327 —0.1652%%*
(0.0383) (0.0547) (0.0387) (0.0563) (0.0390) (0.0564) (0.0389) (0.0564)
Total debt/Total ~0.0003 ~0.0004 ~0.00004 ~0.00003 ~0.00006 ~0.0002 -0.000001  —0.00009
capital (0.0005) (0.0007) (0.0005) (0.0007) (0.0005) (0.0007) (0.0005) (0.0007)
Beta ~0.0031 ~0.0027 ~0.0073 ~0.0137 ~0.0155 ~0.0242 ~0.0062 ~0.0122
(0.0298) (0.00461) (0.0296) (0.0459) (0.0301) (0.0465) (0.0297) (0.0460)
SIC4 FE X X X X X X X X
Year FE X X X X X X X X
Observations 4408 4408 4401 4401 4401 4401 4401 4401
R? 0.4901 0.3292 0.5006 0.3450 0.4965 0.3396 0.4995 0.3436

Note: The table contains panel regressions for logged patents and citations on the topic weight measure of innovation for the
patenting firm subsample. The columns present the topic count of the base-LDA-model for Text innovation. Other controls
include firm-year observations for ROA, R&D/Sales, log (Sales), log (Assets), log (Age), Total debtltotal capital and Beta.
Industry and time fixed effects are included in each model and standard errors are robust. *, ** and *** indicate statistical
significance at 10%, 5% and 1% levels, respectively.

Next, we estimate both equations for the topic weight innovation measure (Bellstam
et al., 2020). The regression results can be found in Table 4. As for the topic distribution mea-
sure, we estimate eight models in total by varying the predefined number of topics. The topic
weight method performs less consistently compared to the topic distribution method. The re-
sults include cases where the coefficient is either positive or negative and statistically signifi-
cant, demonstrating how the topic weight model is very sensitive to the initial specifications,
like the number of topics.

The topic distribution method is, according to this analysis, relatively robust at predicting
patent-based innovation. However, the results of the topic weight method reveal the need for
careful initial testing, when implementing sophisticated text-based methods for measuring ab-
stract concepts, such as innovation. Bellstam et al. (2020) demonstrated relatively robust results
for the topic weight model when used with analyst reports, but our results indicate that the
model is very unreliable with annual reports. Analyst reports are potentially more suitable for
the model. We argue that the reason could originate from the design choices behind both mod-
els. The topic weight model by nature measures one specialised form of innovation by focusing
on one topic. However, the topic distribution method evaluates the strength of several topics
making it more suitable for measuring many dimensions of innovation. This feature can make it
more suitable for measuring innovation from more heterogeneous sources like annual reports.

4.1.2 | Patenting firm subsample

We proceed by estimating Equations (1) and (2) for a subsample consisting of patenting firms
only. The criterion for this subsample is that the patent count of the firm i in year 7 is more
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35 40 60 80

log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations) log (Patents) log (Citations)

0.7998*** 1.0620%** —0.9125(2.3115)  —1.2320(3.1606)  —0.2100 0.4151 0.9685%** 1.1144%%*
(0.1153) (0.1771) (0.1831) (0.2787) (0.1405) (0.2170)

—0.0081%** —0.0090*** —0.0077*** —0.0082%** —0.0077%** —0.0083%** —0.0077%** —0.0086%**
(0.0009) (0.0012) (0.0008) (0.0012) (0.0008) (0.0012) (0.0008) (0.0012)

0.00005* 0.00005 0.00006%* 0.00005 0.00005* 0.00005 0.00005* 0.00004
(0.00004) (0.00004) (0.00003) (0.00004) (0.00003) (0.00004) (0.00003) (0.00004)

0.0718%** 0.0742 0.0873#*+* 0.0883** 0.0798*+** 0.0809* 0.0692%** 0.0723
(0.0296) (0.0444) (0.0286) (0.0434) (0.0291) (0.0438) (0.0291) (0.0442)

0.4856%** 0.5509%** 0.4589%** 0.5098%** 0.4684%** 0.5194%** 0.4840%** 0.5461%**
(0.0287) (0.0444) (0.0276) (0.0430) (0.0281) (0.0434) (0.0282) (0.0441)

—-0.0198 —0.1476%** -0.0269 —0.1548*** —-0.0172 —0.1399** —0.0382 —0.1681%**
(0.0389) (0.0562) (0.0384) (0.0549) (0.0387) (0.0560) (0.0389) (0.0562)

-0.0001 —-0.0003 -0.0003 —0.0005 —0.0004 —0.0006 —-0.0002 —0.0004
(0.0005) (0.0007) (0.0005) (0.0007) (0.0005) (0.0007) (0.0005) (0.0007)

—-0.0188 -0.0289 —0.0062 —0.0069 —-0.0104 0.0051 —0.0165 —0.0241
(0.0304) (0.0469) (0.0300) (0.0463) (0.0303) (0.0468) (0.0303) (0.0468)

X X X X X X X X

X X X X X X X X

4401 4401 4408 4408 4401 4401 4401 4401

0.4944 0.3380 0.4882 0.3273 0.4875 0.3314 0.4949 0.3366

than 0. By focusing on patenting firms, we want to test, among other things, whether the
topic weight method would be more reliable with the subset. A specific patent-type innovation
should be more pronounced with patenting firms and the topic weight method might be able to
capture this specific type when estimating innovation.

We start by analysing the topic distribution method. The results for Equations (1) and (2)
are provided in Table 5. The results are qualitatively similar to the full sample results, and the
model shows good performance especially when predicting patent citations. These results in-
dicate that the topic distribution method is a good and consistent measure of innovation, both
among patenting and non-patenting firms.

Next, we analyse the topic weight method with the patenting firm subsample. The results are
provided in Table 6. The results are similar to the full sample, and the topic weight method still
appears to be a relatively unreliable measure of innovation when used with 10-K filings. With
the patenting firm subsample, there are significant associations for both directions, depending
on the number of predefined topics. Thus, even though the subset of patenting firms might have
a simpler innovation structure, there appears to be no improvement in the performance of the
topic weight method for the patenting firm subsample. The reason for inconsistent results from
the topic weight method could be the different nature of 10-K filings, which is not suitable for
an LDA architecture that focuses on measuring one type of innovation (one topic).

4.2 | Firm performance — further analysis

We continue our analysis by assessing, how text-based innovation measures are associated with
firm performance. To achieve this, we undertake panel regression analyses wherein firm-year
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TABLE 7 The performance of the topic distribution measure of innovation on return on assets in
the time periods 7+ 1 and #+2.

Dependent variable

ROA
No. of topics 15 20 25 30
Time period t+1 1+2 t+1 t+2 t+1 t+2 t+1 t+2

Explanatory variable

Text innovation  0.2536 0.2431 0.3707* 0.1524 0.3699* 0.2421 0.6284**** 0.5808**
(topic dist.) (0.1780) (0.1789) (0.1935) (0.2109) (0.2071) (0.2075) (0.2338) (0.2458)
log (Patents)
R&D/Sales —0.0115%** —0.0115%** —0.0047%** —0.0052%** —0.0048*** —0.0052%** —0.0047*** —0.0051***
(0.0011) (0.0012) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008)
log (Sales) 3.9726%** 3.8524% % 5.0253 %% 4.4689%** 5.0068%*** 4.4619%%* 5.0160%*** 4.4736%**
(0.1770) (0.1713) (0.2400) (0.2486) (0.2400) (0.2499) (0.2401) (0.2498)
log (Age) 1.5214%%* 1.5642%+* 1.7842%** 1.7466%** 1.8041%** 1.7553%*+ 1.7289%** 1.6801%**
(0.4267) (0.4102) (0.4925) (0.4944) (0.4920) (0.4940) (0.4943) (0.4945)
Total debt/Total ~ —0.0595%** —0.0412%* —0.0605%** —0.0382 —0.0601*** —0.0378 —0.0599*** —-0.0376
capital (0.0142) (0.0135) (0.0209) (0.0238) (0.0209) (0.0237) (0.0208) (0.0237)
Beta —4.1923%** —4.4474% %% —4.5478%** —4.3603%** —4.5501%** —4.3535%** —4.5250%** —4.3242%%%
(0.4388) (0.4415) (0.5690) (0.5752) (0.5667) (0.5723) (0.5667) (0.5728)
SIC4 FE X X X X X X X X
Year FE X X X X X X X X
Observations 6746 6751 7404 6718 7404 6718 7404 6718
R’ 0.3186 0.3119 0.2960 0.2772 0.2959 0.2773 0.2964 0.2780

Note: The table contains panel regressions for ROA 7+ 1 and ROA ¢+2 on the topic distribution measure of innovation.

The columns present the topic count of the base-LDA-model for Text innovation and the logged patent count, representing the
variables of interest. Other controls include firm-year observations for R&D/Sales, log (Sales), log (Age), Total debtltotal capital
and Beta. Industry and time fixed effects are included in each model and standard errors are robust. *, ** and *** indicate
statistical significance at 10%, 5% and 1% levels, respectively.

observations of ROA and Tobin's Q, both 1 and 2 years ahead, are employed as dependent vari-
ables. We then compare the results of the text innovation models with the predictive power of
patent counts on firm performance. We specify the following equations:

a+ pInnovation,, + p,log(Patents), + p;log(Citations);, + p,R&D [ Sales,+

ROA, | ;= Total debt
it+1 it+2 ﬂslog(Sales),-,+/3610g(Age)it+ﬂ7m +ﬂSBetait+Mj+yt+€ip (3)
it

a+ pInnovation,, + p,log(Patents), + p;log(Citations);, + f,R&D [ Sales,+
Total debt

log(Tobin's Q)
P
Total capital ;,

it 2 = Bslog(Sales);, + pglog(Age),, +BsBeta, +u;+vy, +e;.

@

We begin by estimating Equation (3) for the topic distribution method by using eight different
innovation measures, the 15, 20, 25, 30, 35, 40, 60 and 80 topic LDA models, as previously, in
addition to the patent counts for comparison. The regression results for ROA, ; and ROA  ,
are presented in Table 7. The topic distribution measure is consistently associated with the 7+ 1
return on assets. The coefficient is positive and statistically significant at the 1% level for 15, 30,
35, 40 and 80 topic models and at the 5% level for 20 and 25 topic models. Similar conclusions
can be made also for the 7+2 model, where the text innovation variables have statistically sig-
nificant positive coefficients for the 15, 30, 35, 40 and 80 topic models as well. The logged patent
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35 40 60 80 log (Patents)
t+1 t+2 t+1 t+2 t+1 t+2 t+1 t+2 t+1 1+2
123243 1.0271%%* 0.08395%** 0.8930%** 0.3846* 0.1354 1.3876%** 0.9754%*
(0.2649) (0.2635) (0.1545) (0.1612) (0.2078) (0.2010) (0.3311) (0.3319)
—2.8468%*% =2 43]6%**
(0.2334) (0.2398)
=0.0046***  —0.0050%**  —0.0113***  —0.0116***  —0.0048***  —0.0052%**  —0.0047***  —0.0051***  —0.0038***  —(0.0043***
(0.0008) (0.0008) (0.0010) (0.0011) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008)
5.0810%*** 4.5308%*** 4.3799%** 4.0082%** 5.0080%*** 4.4608%** 5.0136%** 4.4692% %% 6.1741%%* 5.4459%*
(0.2412) (0.2501) (0.1576) (0.1617) (0.2400) (0.2500) (0.2397) (0.2499) (0.2982) (0.3125)
1.6810%** 1.6614%%* 1.8793 % 1.7691%%* 1.7892%%* 1.7499%#5* 1.6698%%* 1.6678*%* 2.54]8%x* 2.3859%#*
(0.4947) (0.4950) (0.3658) (0.3723) (0.4936) (0.4947) (0.4928) (0.4937) (0.5001) (0.5021)
=0.0568***  —0.0352 —0.0672%%*  —0.0360***  —0.0602***  —0.0382 —0.0582%**  —0.0367 —0.0651%%*  —0.0398*
(0.0209) (0.0237) 0.0123) (0.0129) (0.0209) (0.0237) (0.0209) (0.0237) (0.0207) (0.0232)
—4.5065%F%  —4.3097F%F  —43791FFF  —4.6162%*F  —4.5632%F%  —4.3659%%F  —4.5053%FF  —4.3]97Fk —4.5004% k% —43802%**
(0.5667) (0.5722) (0.4039) (0.4211) (0.5684) (0.5738) (0.5664) (0.5737) (0.5603) (0.5657)
X X X X X X X X X X
X X X X X X X X X X
7404 6718 8188 7538 7404 6718 7404 6718 7404 6718
0.2988 0.2795 0.3509 0.3350 0.2959 0.2771 0.2981 0.2785 0.3159 0.2926

count exhibits a negative and statistically significant result for predicting ROA at r+1 and 1+ 2
time periods, which means that it is not a good predictor of firm performance under this empir-
ical setting. The topic distribution method outperforms the patent count in these models.

We proceed with the utilisation of Equation (4) concerning Tobin's Q, combined with topic
distribution measures of innovation and the patent count proxy. The findings pertaining to
the 7+ 1 and 7+2 models are presented in Table 8. In particular, our investigation reveals that
a statistically significant and positive association between text innovation and Tobin's Q ex-
ists for the 7+ 1 time period at the 1% level in models 40, 60 and 80, whereas in the remaining
models, the coefficient fails to attain statistical significance. Conversely, during the 7+2 time
period, the relationship between text innovation and Tobin's Q becomes more pronounced.
We observe statistically significant and positive associations at either the 1% or 5% level in
the models featuring 15, 25, 40, 60 and 80 topics. In this empirical setting the patent count is
a good predictor of Tobin's Q, and the coefficient is statistically significant and positive at 1%
level for both periods.

Next, we estimate all of the previous models with the topic weight innovation measure
and compare them with the patent count proxy as well. The regression results for ROA
and ROA,  , are presented in Table 9. The analysis reveals statistically significant positive
coefficients for the topic weight measure in predicting ROA at the 1% level for models 20, 25,
30, 35 and 80 during the 7+ 1 time period. In contrast, models 15, 40 and 60 do not exhibit
statistically significant associations. Furthermore, the statistical significance levels for the
ROA, , , time period models align closely with those observed in the 7+ 1 models. The topic
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TABLE 8 The performance of the topic distribution measure of innovation on Tobin's Q in the time
periods 7+1 and ¢+2.

Dependent variable

Qo
No. of topics 15 20 25 30
Time period t+1 t+2 t+1 t+2 t+1 t+2 t+1 1+2

Explanatory variable

Text innovation  0.0146*** 0.0063** 0.0022 0.0041 0.0058* 0.0092%* 0.0007 0.0039
(topic dist.) (0.0036) (0.0031) (0.0033) (0.0036) (0.0035) (0.0037) (0.0042) (0.0045)
log (Patents)
R&D/Sales 0.000002 0.0000003 —0.000003 0.000001 —0.000003 0.000002 —0.000004 0.000001
(0.00002) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001)
log (Sales) —0.0048 —0.0069** —0.0091%** —0.0082%** —0.0092%** —0.0084%** —0.0092%** —0.0084%**
(0.0030) (0.0030) (0.0030) (0.0031) (0.0030) (0.0030) (0.0030) (0.0031)
log (Age) —0.0598** —0.0529%** —0.0589%** —0.0567*** —0.0588%*** —0.0565%** —0.0587*** —0.0570%**
(0.0087) (0.0084) (0.0085) (0.0088) (0.0085) (0.0087) (0.0086) (0.0088)
Total debt/Total 0.00001 0.0006%* 0.0002 0.0006** 0.0002 0.0006** 0.0002 0.0006%*
capital (0.0003) (0.0002) (0.0002) (0.0003) (0.0002) (0.0003) (0.0002) (0.0003)
Beta —0.0047 —0.0202%* —-0.0100 —-0.0132 —0.0097 —-0.0128 -0.0103 -0.0132
(0.0092) (0.0085) (0.0086) (0.0088) (0.0085) (0.0088) (0.0085) (0.0088)
SIC4 FE X X X X X X X X
Year FE X X X X X X X X
Observations 6657 7531 7401 6713 7401 6713 7401 6713
R’ 0.0132 0.0102 0.0103 0.0107 0.0107 0.0117 0.0102 0.0106

Note: The table contains panel regressions for Tobin's Q 7+ 1 and Tobin's Q 7+ 2 on the topic distribution measure of innovation.
The columns present the topic count of the base-LDA-model for Text innovation and the logged patent count, representing the
variables of interest. Other controls include firm-year observations for R&D/Sales, log (Sales), log (Age), Total debtltotal capital
and Beta. Industry and time fixed effects are included in each model and standard errors are robust. *, ** and *** indicate
statistical significance at 10%, 5% and 1% levels, respectively.

weight innovation measure demonstrates consistent predictive ability for ROA across various
financial models and also outperforms the patent count proxy in predicting ROA.

Finally, we estimate Equation (4) for Tobin's Q in the time periods ¢+ 1 and ¢+ 2 with the
topic weight innovation measure. The regression results are presented in Table 10. The coef-
ficients for the 7+ 1 models are statistically significant and negative at the 1% or 5% level for
models 20, 25, 30, 35, 40 and 80, whereas model 15 is not statistically significant and model
60 is statistically significant and positive. The 7+ 2 models' results are similar to the former.
The coefficients on models with 15, 25, 30, 35, 40 and 80 topics are statistically significant and
negative, whereas the model with 20 topics is not statistically significant and the model with
60 topics is also in this time period statistically significant and positive. The adverse rela-
tionship observed between the 60 topic text innovation variables and Tobin's Q represents an
undesired outcome, and consequently, the measurement fails to exhibit consistent predictive
capacity for innovation in this empirical context. On the contrary, the patent count proxy is
a consistent predictor of Tobin's Q and outperforms the topic weight method in this setting.

The regression results on the topic distribution innovation measure and firm performance are
overall consistent. We can conclude that a good score with the topic distribution measure of in-
novation is likely followed by higher ROA and Tobin's Q in the following 2 years. Overall, the as-
sociation between the variables is strongly pronounced in most cases. The patent count proxy for
innovation had mixed results in the aforementioned models, since the association was positive for
Tobin's Q but negative for ROA. In direct comparison, the topic distribution innovation measure
proves more resolute than the patent count proxy. The results on the topic weight text innovation

:sdy) suonIpuo) pue ST 1 3§ “[H70Z/40/9¢] uo Areiqry aunuQ LI “eseeA JO ANSIAIUN Kq SHTEYOR/[ [11°01/10p/w0d"Ad[1Kreaquautjuoy:sdny woxy papeojumod 0 “X679L9P 1

opmA.

25U STOWI0) 2ATEAL) A[qearidde o) Aq PATLIOA0S Ak SAOTLIE YO 28 JO Sa[NI 10] ATRIqIT AUIUQ AAJIAY UO (



ACCOUNTING 17
& FINANCE  ‘Cafaanz

35 40 60 80 log (Patents)
t+1 t+2 t+1 t+2 t+1 t+2 t+1 1+2 t+1 t+2
0.0010 0.0035 —=0.0007 0.0096 0.0107*** 0.0137#%* 0.0176%** 0.0233%%*
(0.0046) (0.0048) (0.0169) (0.0178) (0.0035) (0.0037) (0.0058) (0.0062)
0.0397%* 0.0420%*
(0.0040) (0.0042)
=0.000004 0.000001 0.0001 0.00001 =0.000002 0.000003 =0.000002 0.000003 =0.000002 0.00001
(0.00001) (0.00001) (0.0001) (0.0001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001)
—0.0093%** —0.0083%** —0.0530%** —0.0645%**  —0.0091%** —0.0083%** —0.0091*** —0.0083%** —0.0255%#* —0.0256%**
(0.0031) (0.0031) (0.0143) (0.0161) (0.0030) (0.0030) (0.0030) (0.0030) (0.0037) (0.0037)
=0.0586™**  —0.0568***  —0.2910%**  —0.2638%**  —(.0593***F*  —(.0570%**  —0.0605%**  (.0586%** =0.0690%**  —0.0674%**
(0.0086) (0.0088) (0.0422) (0.0448) (0.0085) (0.0087) (0.0085) (0.0087) (0.0086) (0.0088)
0.0002 0.0006** —=0.0004 0.0019 0.0002 0.0006** 0.0002 0.0006%* 0.0002 0.0006**
(0.0002) (0.0003) (0.0014) (0.0015) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
-0.0103 -0.0133 —0.0402 -0.0615 —-0.0098 -0.01303 -0.0093 -0.0123 -0.0100 -0.0132
(0.0085) (0.0088) (0.0421) (0.0456) (0.0085) (0.0088) (0.0085) (0.0088) (0.0085) (0.0088)
X X X X X X X X X X
X X X X X X X X X X
7401 6713 8188 7538 7401 6713 7401 6713 7401 6713
0.0102 0.0105 0.0120 0.0107 0.0118 0.0130 0.0119 0.0135 0.0263 0.284

method and firm performance variables are also somewhat inconsistent with even negative asso-
ciations in the case of Tobin's Q. The measure is associated with firm performance for many dif-
ferent numbers of topics. The findings suggest that 10-K filings can serve as a reliable source for
measuring innovation, particularly when using the topic distribution method. However, the effec-
tiveness of the topic weight method was somewhat lacking. This emphasises the need for thor-
ough testing when developing text-based innovation measures with the LDA algorithm.!

In summary, the assessment utilising the 10-K for innovation measurement underscores the
importance of corporate communication regarding strategic decisions and innovative pursuits
within these filings. The findings further emphasise the advantages that investors may derive
from such disclosures, affirming the alignment between a company's stated objectives and
its actions. Overall, the disclosure of innovation within these documents serves as a crucial
tool for companies to depict their comprehensive innovation strategies, facilitating enhanced
stakeholder involvement and transparent strategic operations.

5 | ADDITIONAL ROBUSTNESS TESTS

In order to conduct a comprehensive assessment of the efficacy of the innovation measure-
ment method, this section undertakes a further examination of the text-based innovation

'We further investigate the reasons behind the inconsistency of the topic weight measure in Appendix S1.
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TABLE 9 The performance of the topic weight measure of innovation on return on assets in the time
periods 7+1 and ¢+2.

Dependent variable

ROA
No. of topics 15 20 25 30
Time period t+1 t+2 t+1 t+2 t+1 t+2 t+1 t+2
Explanatory variable
Text innovation (topic ~ 2.4874 2.4928 5.7960%** 4.5258%%* 4.0823%+* 4.1241%* 5.2859%** 4.1801**
weight) (1.8098) (1.9127) (1.6496) (1.5948) (1.7348) (1.6699) (1.7024) (1.6627)
log (Patents)
R&D/Sales —0.0050%** —0.0055%**%  —0.0048***  —0.0051***  —0.0048***  —0.0051*** —0.0048***  —0.0051***
(0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008)
log (Sales) 5.0211%** 4.6110%** 5.0267%** 4.4953%** 5.0385%** 4.5029%** 5.0412%** 4.5057***
(0.2205) (0.2339) (0.2400) (0.2524) (0.2405) (0.2521) (0.2405) (0.2522)
log (Age) 1.8740%** 1.7083%** 1.7005%** 1.6697*** 1.7419%** 1.6986%** 1.7008%** 1.6656%**
(0.4524) (0.4558) (0.4911) (0.4949) (0.4914) (0.4955) (0.4917) (0.4951)
Total debt/Total capital ~ —0.0616%** -0.0397* —0.0562***  —0.0359 —0.0587***  —0.0374 —0.0578***  —0.0369
(0.0196) (0.0221) (0.0214) (0.0242) (0.0212) (0.0242) (0.0213) (0.0242)
Beta —4.3867*** —4.5175%%* —4.6096%%F  —4.4227*F* =4 6172%**F  —4.4328%** —4.6039%**  —4.42]8%**
(0.5639) (0.5616) (0.5715) (0.5764) (0.5737) (0.5788) (0.5931) (0.5782)
SIC4 FE X X X X X X X X
Year FE X X X X X X X X
Observations 8188 7536 7392 6695 7392 6695 7392 6695
R’ 0.2981 0.2892 0.2982 0.2788 0.2977 0.2785 0.2978 0.2785

Note: The table contains panel regressions for ROA 7+ 1 and ROA ¢+2 on the topic weight measure of innovation.

The columns present the topic count of the base-LDA-model for Text innovation and the logged patent count, representing

the variables of interest. Other controls include firm-year observations for R&D/Sales, log (Sales), log (Age), Total debtltotal
capital and Beta. Industry and time fixed effects are included in each model and standard errors are robust. *, ** and *** indicate
statistical significance at 10%, 5% and 1% levels, respectively.

measure. We start by analysing the software industry where companies very rarely patent
their innovations. Furthermore, the subgroup of non-patenting firms in our sample is quali-
tatively scrutinised to provide additional insights. Additionally, the impact of alternative
sources of innovation text on the final measure is empirically tested. The topic distribution
method is chosen as the subject of further analysis. While the topic weight method holds
potential for further improvement and experimentation, considering the specific context
of the current study, the topic distribution method emerges as a more reliable innovation
metric with 10-Ks.

5.1 | Non-patenting firms

Descriptive statistics of the topic distribution measure of innovation for the software in-
dustry subsample (SIC code 7372) are presented in Table 11. At the bottom of the table, we
report and test the difference in means compared to the full sample. The difference in means
is statistically significant at the 1% level in every model. The software industry is generally
seen as innovative despite having low patenting rates. Thus, this finding supports the as-
sumption that the topic distribution innovation measure can measure innovativeness that
is not only patent-based, and it assigns significantly better innovation scores for software
industry firms.
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35 40 60 80 log (Patents)
t+1 t+2 t+1 t+2 t+1 t+2 t+1 t+2 t+1 t+2
13.999%+* 13.446%+* -25.042 =27.173 0.4770 0.0450 7.6565%** 6.4734%%*
(2.1807) (2.2046) (19.967) (21.726) (2.4293) (2.4018) (2.3205) (2.3689)
—2.8468%% =2 43]6%**
(0.2334) (0.2398)
=0.0046***  —0.0050%**  —0.0049%** =0.0055%** =0.0048***  —0.0052***  —0.0048%**  —0.0051*%**  —0.0038***  —(.0043%**
(0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008)
5.1149%#+* 4,5839 %k 5.0342%** 4.5797%* 5.0256%*+* 4.4908%** 5.0295%*# 4.4963%** 6.1741%%* 5.4459%%*
(0.2423) (0.2550) (0.2236) (0.2396) (0.2398) (0.2518) (0.2402) (0.2523) (0.2982) (0.3125)
1.6107%** 1.5755%%* 1.8817%%* 1.6625%%* 178517 172945 1.6828%*H% ] 6478%* 2.54]1 8% 2.3859%#*
(0.4888) (0.4917) (0.4570) (0.4604) (0.4907) (0.4948) (0.4901) (0.4938) (0.5001) (0.5021)
—0.0537** —0.0326 —0.0593*** —0.0382* =0.0627***  —0.0400* =0.0600%**  —0.0382 =0.0651%**  —0.0398*
(0.0210) (0.0238) (0.0199) (0.0227) (0.0210) (0.0238) (0.0210) (0.0240) (0.0207) (0.0232)
—4.7246% %% —4.5443%F% 4 420(*F** —4.4405%%%  —4.5707F%% —4.3986% 4% —4.6228%F%  —4.4399% k% —4,5004%*%  —4 3802%**
(0.5740) (0.5792) (0.5686) (0.5687) (0.5682) (0.5755) (0.5734) (0.5785) (0.5603) (0.5657)
X X X X X X X X X X
X X X X X X X X X X
7392 6695 8062 7375 7392 6695 7392 6695 7404 6718
0.3026 0.2835 0.2992 0.2870 0.2967 0.2778 0.2978 0.2786 0.3159 0.2926

5.2 | Qualitative inspection

We proceed by examining more closely some of the 10-K filings of non-patenting firms with
the highest innovation scores. Table 12 provides example quotes from the annual reports. The
excerpts were chosen based on their high innovation score ranking and evaluated using a topic
model with 40 topics. As examples, we choose three companies with no patents filed during
the year. The excerpts are examples of occurrences in which the companies talk about their
business, innovative activities, R&D tasks or intellectual property.

The selected firms are Simulations Plus, Inc., Exponent, Inc. and Copart, Inc. As can be
seen from the 2011 annual report of Simulations Plus, Inc., it operates in the highly competi-
tive industry of pharmaceuticals, where the key to success is a significant investment in R&D
(excerpt 1). Even though Simulations Plus, Inc. states in excerpt (3) that they hold two patents,
their intellectual property is still related primarily to computer programs. Furthermore, the
company's specific area of expertise is pharmaceutical research. Thus, the text-based metric
recognises Simulations Plus, Inc. as a highly innovative firm, although it does not patent.
Similar conclusions can be drawn from the second example of a non-patenting firm, Exponent
Inc. Its entire team consists of researchers, and the key to its success is to provide innovative,
cutting-edge solutions to its customers. The company aims to solve ‘complicated issues’ and
uses different forms of ‘analysis’ in its solutions. To succeed in its field, the company needs to
be more innovative than its competitors. Again, this innovativeness is recognised by the text-
based metric, although Exponent Inc. is not patenting.
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TABLE 10 The performance of the topic weight measure of innovation on Tobin's Q in the time
periods 7+1 and ¢+2.

Dependent variable

Qo
No. of topics 15 20 25 30
Time period t+1 t+2 t+1 t+2 t+1 t+2 t+1 t+2
Explanatory variable
Text innovation —0.1421** —0.1234** 0.0019 0.0281 —-0.0175 0.0040 —0.0389 —-0.0172
(topic weight) (0.0560) (0.0598) (0.0297) (0.0303) (0.0311) (0.0320) (0.0313) (0.0320)
log (Patents)
R&D/Sales 0.000007 0.00001 0.000001 0.000005 0.000001 0.000005 0.0000004 0.000005
(0.00001) (0.00002) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001)
log (Sales) 0.0008 0.0036 —0.0039 —0.0033 —-0.0039 —0.0033 —0.0040 —0.0033
(0.0040) (0.0042) (0.0029) (0.0029) (0.0029) (0.0029) (0.0029) (0.0029)
log (Age) —0.0823*** —0.0774%** —0.0584%** —0.0561%*** —0.0582%** —0.0557%** —0.0578*** —0.0554%**
(0.0116) (0.0121) (0.0084) (0.0087) (0.0084) (0.0086) (0.0084) (0.0087)
Total debt/Total 0.0002 0.0003 0.00006 0.0005* 0.00005 0.0005* 0.00003 0.0005*
capital (0.0003) (0.0003) (0.0002) (0.0003) (0.0002) (0.0003) (0.0002) (0.0003)
Beta —0.0287%* —0.0349%** —=0.0127 —0.0175%* —-0.0125 —0.0174** —-0.0125 —0.0173**
(0.0117) (0.0124) (0.0083) (0.0086) (0.0084) (0.0086) (0.0084) (0.0086)
SIC4 FE X X X X X X X X
Year FE X X X X X X X X
Observations 8188 7438 7392 6695 7392 6695 7392 6695
R? 0.0070 0.0065 0.0077 0.0084 0.0078 0.0082 0.0078 0.0083

Note: The table contains panel regressions for Tobin's Q 7+ 1 and Tobin's Q 7+ 2 on the topic weight measure of innovation.

The columns present the topic count of the base-LDA-model for Text innovation and the logged patent count, representing the
variables of interest. Other controls include firm-year observations for R&D/Sales, log (Sales), log (Age), Total debtltotal capital
and Beta. Industry and time fixed effects are included in each model and standard errors are robust. *, ** and *** indicate
statistical significance at 10%, 5% and 1% levels, respectively.

TABLE 11 Descriptive statistics for the topic distribution measure of innovation on the software industry
subsample.

No. of topics 15 20 25 30 35 40 60 80
Count 922 922 922 922 922 922 922 922
Mean 2.6608 2.8397 3.3362 3.4475 4.2070 4.4641 3.9783 5.1587
Standard 1.2880 1.3303 1.2835 1.2848 1.1443 1.2339 1.4977 1.0286
deviation
Median 2.5324 2.4686 3.0630 3.1724 4.2600 4.3363 3.4338 5.0897
1-test
Full sample  4.9393 5.3595 5.7523 5.5409 5.7609 6.6926 6.6274 6.6231
mean
Difference in 2.2785%**%  2.5199%** 2 1561%**  2.0934%**  ],5539%** 2 2DB5*** D 6491%**F  ].4644%%*
means

Note: The table contains descriptive statistics for the topic distribution measure of innovation on the software industry subsample.
In the last two rows we report the full sample mean and the difference in means between the full sample and the software industry
subsample, and conduct a ¢-test for the difference in means. * ** and *** indicate statistical significance at 10%, 5% and 1% levels,
respectively.

Finally, Copart Inc. is an online auction platform provider, with software developed in-
house. Copart Inc. discusses development activities in various locations in their 2018 annual
report (excerpts 2 and 3). They state that they see their platform as a competitive advantage
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35 40 60 80 log (Patents)
t+1 1+2 t+1 t+2 t+1 t+2 t+1 t+2 t+1 t+2
=0.0622* =0.0380 —1.6816%** —1.6249%**  (.2650*** 0.3273%%* =0.0508 —-0.0149
(0.0359) (0.0370) (0.3775) (0.5020) (0.0482) (0.0497) (0.0423) (0.0439)
0.03973#* 0.0420%**
(0.0040) (0.0042)
0.0000001 0.000004 0.000006 0.000003 0.000002 0.000006 0.000001 0.000005 =0.000002 0.00001
(0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001)
—0.0043 —0.0036 —0.0007 —0.0011 —0.0049* —0.0045 —0.0039 —0.0033 —0.0255%#* —0.0256%***
(0.0030) (0.0030) (0.0028) (0.0029) (0.0030) (0.0030) (0.0029) (0.0029) (0.0037) (0.0037)
—=0.0576***  —(.0553%** =0.0579%**  —0.0543%**  —0.0566***  —0.0536%** =0.0577%%*%  —0.0555%**  —0.0690***  —0.0674%**
(0.0084) (0.0086) (0.0080) (0.0083) (0.0084) (0.0086) (0.0084) (0.0086) (0.0086) (0.0088)
0.00003 0.0005* 0.00001 0.0005%* 0.00001 0.0005%* 0.00005 0.0005* 0.0002 0.0006**
(0.0002) (0.0003) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0003) (0.0002) (0.0002)
-0.0120 =0.0170%** =0.0197** —0.0254***  —0.0111 -0.0157* -0.0124 —0.0173%* -0.0100 -0.0132
(0.0084) (0.0086) (0.0081) (0.0084) (0.0084) (0.0087) (0.0084) (0.0086) (0.0085) (0.0088)
X X X X X X X X X X
X X X X X X X X X X
7392 6695 8062 7375 7392 6695 7392 6695 7401 6713
0.0082 0.0084 0.0092 0.0096 0.0136 0.0173 0.0080 0.0083 0.0263 0.284

and mention several competitive benefits from their in-house development activities, even
though the activities have not resulted in filed patents.

The overall conclusion from the text excerpts is that the text-based metric can recognise
the same dimension of innovation that can be estimated using patent counts and citations.
However, more importantly, the examples of two non-patenting firms demonstrate that the
metric can identify dimensions of innovation that cannot be measured using patent counts.
All examples of non-patenting firms focus on research and development, and the text metric
recognises this innovativeness. The text-based metric provides an alternative measure for in-
novation where all companies are on the same line, and innovation is measured more broadly
and includes forms of innovation other than patents.

5.3 | Alternative text sources

We used the same innovation textbook as Bellstam et al. (2020) for all the analyses in the previ-
ous sections. In this section, we analyse the possible variation in the outcomes depending on
the text source by generating alternative metrics from different innovation texts (Table A2).
The following examples are based on the 40-topic model since the topic distribution method
was most consistent with this model. We study the relationship between the measure and other
innovation proxies by specifying the following equation:
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TABLE 12 Excerpts from the 10-K filings of innovative non-patenting companies.

Company Text Extract

Simulations (1) Simulations Plus, Inc., which was incorporated in California in 1996 [...] develops and
Plus, produces software for use in pharmaceutical research and for education, as well as
Inc. providing contract research services to the pharmaceutical industry.
(2011) (2) We believe that our ability to grow and remain competitive in our markets is strongly

dependent on significant investment into research and development (‘R&D’). R&D activities
include both enhancement of existing products and development of new products. [...] R&D
expenditures were approximately $1,846,000 during fiscal year 2011, of which $911,000 was
capitalized. R&D expenditures during fiscal year 2010 were approximately $1,857,000, of
which $887,000 was capitalized.

(3) We own two patents that were acquired as part of our acquisition of certain assets of
Bioreason, Inc. We primarily protect our intellectual property through copyrights and trade
secrecy. Our intellectual property consists primarily of source code for computer programs
and data files for various applications of those programs in both the pharmaceutical
software and the disability products businesses. In the disability products business,
electronic device schematics, mechanical drawings, and design details are also intellectual
property. The expertise of our technical staff is a considerable asset closely related to
intellectual property, and attracting and retaining highly qualified scientists and engineers
is essential to our business.

Exponent, (1) Exponent, Inc. [...] is a science and engineering consulting firm that provides solutions
Inc. to complex problems. Our multidisciplinary team of scientists, engineers, business and
(2018) regulatory consultants brings together more than 90 different technical disciplines to solve

complicated issues facing industry and government today. Our services include analysis of
product development, product recall, regulatory compliance, and the discovery of potential
problems related to products, people, property and impending litigation.

Copart, Inc. (1) We are a leading provider of online auctions and vehicle remarketing services with
(2018) operations in [...].

Our goals are to generate sustainable profits for our stockholders, while also producing
environmental and social benefits for the world, by promoting vehicle restoration, repair,
and recycling; parts refurbishment and re-use; and facilitating the recovery and resilience of
communities affected by severe climate events.

(2) In addition, we have developed a database containing over 300 fields of real-time and
historical information accessible by our sellers allowing for their generation of custom
ad hoc reports and customer specific analysis. [...] We have developed a computer system
which provides a direct link to the DMV computer systems of multiple states, allowing us to
expedite the processing of vehicle title paperwork.

(3) We believe the introduction of our virtual auction platform increased the pool of available
buyers for each sale, which resulted in added competition and an increase in the amount
buyers are willing to pay for vehicles. We also believe that it improved the efficiency of
our operations by eliminating the expense and capital requirements associated with live
auctions.

a+ pBylog (Patents; +1) + plog(Citations; + 1) + p3R&D/ Sales;, +

Text_inn;, =
/4/ + Y + Ejre

)

The results are shown in Table 13 The different columns show the results for each text,
numbered 1-5. As the results demonstrate, the innovation measure varies slightly depend-
ing on the innovation text source, and the method appears to be sensitive to the text source.
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Thus, these results give more evidence to the fact that great care is needed when incorpo-
rating text-based measures for abstract concepts like innovation. It is not just the LDA
architecture but also the chosen reference texts that highly influence the performance and
reliability of the metric.

6 | DISCUSSION AND CONCLUSIONS

In this study, we analysed text-based methods for measuring innovation from narrative disclo-
sure in 10-K filings. Our study adds to the research on accounting and innovations (Bedford
et al., 2021; Chenhall & Moers, 2015; He & Tian, 2018; Huang et al., 2021; Taipaleenmaiki, 2014;
Tang et al., 2021), extending the scope of research by specifically answering the recent calls in
the accounting literature (Bellstam et al., 2020; Ranta et al., 2023) for better proxies of innova-
tion by utilising ML methods to build a text-based proxy of innovation. Our study contributes
to this literature by designing a measure that can estimate dimensions of innovation diffi-
cult for traditional proxies, like patent counts. We also analyse the robustness of text-based
measures and identify an architecture-dependent sensitivity of these approaches for reliably
measuring innovation. Our study thus makes methodological contributions to research on ML
applications in accounting (Belloque et al., 2021; Cai et al., 2019; Clarkson et al., 2020; Zengul
et al.,, 2021; Zhu et al., 2017).

The results demonstrate that the topic distribution method is a robust measure of inno-
vation. It can identify patent-based innovation and is associated with the future financial
performance of a company. However, while this design exhibited a degree of resilience to spe-
cific model adjustments (such as the number of topics), it still displayed some sensitivity to
the selected reference innovation text. Conversely, our results indicate that the topic weight
method lacked reliability when applied to 10-K filings. This method proved liable to alter-
ations in LDA parameters, resulting in notable variations tied to the number of topics chosen
for the LDA model. Moreover, it emerged as a relatively unreliable predictor of future perfor-
mance. The influence of innovation on firm valuation and profitability is not straightforward,
and previous research results on the topic have been mixed (Bowen et al., 2010; Feng, 2005;
Hirshleifer et al., 2013; Jiménez-Jiménez & Sanz-Valle, 2011). The investigations of the pres-
ent study regarding the topic weight method yielded similar, mixed results. Thus, although
Bellstam et al. (2020) demonstrated a relatively good performance of the architecture with
analyst reports, it appears that the structure of annual reports is such that they are not suitable
for this method.

Since financial reports include statutory information, they necessarily include text that is
unrelated to innovation. Thus, the legally required information could bias the results for the
topic weight model. Furthermore, the required amount of disclosed information varies by com-
pany size, meaning that smaller companies can use a greater percentage of their statements to
describe their products and R&D tasks. Only focusing on the share of the ‘innovation topic’
could lead to bias in which small companies with short 10-Ks could seem more innovative than
large companies, which deteriorates the performance of the topic weight method. Overall, the
results underline the fact that efficient text-based measures can be designed that use annual re-
ports as an information source, but great care is needed when designing them. The constructed
measure needs to be tested thoroughly to validate it before using it in practical applications.

Our results provide useful new information for future research seeking alternative data
sources to measure innovation. Our findings are also valuable in terms of understanding the
nature of innovation disclosure in 10-K filings. Using financial report narratives to measure
innovativeness is a new method of innovation measurement, and the ability to predict future
patents and citations per patent for large data sets at one time is also relevant for practice. In
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addition, innovation measurement for firms without patents or R&D expenses is traditionally
difficult but potentially possible using text-based methods.

The outcomes of our investigation also suggest that embracing open and transparent disclo-
sure practices yields advantages for companies, investors and various stakeholders. Through
the inclusion of strategic details and innovative initiatives within their 10-K filings, companies
can effectively communicate valuable information to their stakeholders. This study substan-
tiates the significance of these reports in delivering meaningful insights to stakeholders con-
cerning the innovative facets embedded within corporate strategies and operations.

A possible limitation of this study may be impression management in firms' financial state-
ments. If firms practice impression management and aim to seem more innovative in their
financial reports than in reality, our innovation measurement could be positively biased.
Also, vice versa, if innovative firms keep their innovations as trade secrets and do not disclose
them, it is unclear whether our method would detect innovation correctly. The results with
the topic distribution method regarding the future financial performance of a company are,
thus, promising, as the measure was shown to be associated consistently with future perfor-
mance. However, one possible source for the topic weight method's unreliability could be the
impression management practices of a firm, if the method identifies typical ‘hype’ talk from
the annual reports.

There are several avenues for future research. The innovation topic selection process for
the topic weight method could be further developed to avoid relying entirely on the innovation
textbook. In addition, for both methods, it would be useful to analyse the innovation text se-
lection process further to define what kind of text source works best for measuring innovation
using these methods. Finally, further research could investigate how much impression man-
agement or ‘window dressing’ affects the results and drives innovation-related disclosure in
10-K filings.
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TABLE A1 Variable definitions.
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Variable Definition

log (Patents) The natural logarithm of the patent count of firm 7 in year ¢

log (Citations) The natural logarithm of the patent citation count of firm i in year ¢
log (Sales) The natural logarithm of the net sales of firm 7 in year ¢

log (Assets) The natural logarithm of the total assets of firm 7 in year ¢

log (Age) The natural logarithm of the age of firm 7 in year ¢

R&D/Sales Research and development expenses of firm 7 in year ¢ divided by sales

Total debtl/Total capital
ROA

log (Q)

Beta

Total debt of firm i in year ¢ divided by total capital
Return on assets of firm 7 in year ¢

Natural logarithm of the Tobin's Q of firm 7 in year z. Tobin's Q calculated as
(total assets+market capital —equity)/total assets

Beta of firm 7 in year ¢

TABLE A2 Alternative innovation texts.

Alternative

innovation

text no. Book Chapters Pages

1 Korres, G.M. (2012). Handbook of innovation economics. Nova Science 1 1-43
Publishers.

2 Atkinson, R.D. & Ezell, S.J. (2012). Innovation economics: the race for global 6 162-189
advantage. Yale University Press.

3 Link, A.N. & Siegel, D.S. (2007). Innovation, entrepreneurship, and 1-3 1-39
technological change. Oxford University Press.

4 Mider, A., Kunz, C., Ninck, A., Hurni, D. & Tokarski, K.O. (2015). 1 1-37
Innovation management: In: Machado, C. & Paulo Davim, J. (Eds.)
Research and industry. De Gruyter.

5 Talukder, M. (2014). Managing innovation adoption: from innovation to 1 1-6

implementation. Taylor & Francis.
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