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Abstract

We study whether incumbent firms increase their product focus on climate
solutions in response to venture capital (VC) financing of climate-tech startups.
Using large language models to measure a firm’s focus on climate solutions, we
find that incumbents in similar product markets as VC-backed startups increase
their product focus on climate solutions. Consistent with VC investment serving
as a signal for the commercial potential of climate solutions, the increase is more
pronounced when the VC investment demonstrates more promising commercial
prospects and has higher visibility. Additionally, incumbents with a pre-existing
focus on climate solutions are more likely to respond, and their stock prices respond
positively in anticipation of future benefits from the commercial potential of climate
solutions. Overall, the results suggest that VC financing of climate-tech startups
serves as a signal of the commercial potential for climate technologies, thereby
catalyzing incumbents’ investments in climate solutions.
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1. Introduction

In an era marked by the urgent need for climate solutions—products and services that develop
or deploy technologies in a transition to a low-carbon economy—substantial investments,
innovation, and commercialization of climate-related technologies (“climate-tech”) are necessary
for the adoption of these solutions by organizations and their customers (Henderson & Serafeim,
2020)." Climate-tech startups play a crucial role in the shift towards a low-carbon economy
due to their development of technological innovations aimed at reducing carbon emissions
(Noailly & Smeets, 2015). While startups typically pioneer new technologies (Acs & Audretsch,
1987; Schoonhoven, Eisenhardt, & Lyman, 1990; Stuart, Hoang, & Hybels, 1999; Tushman &
Anderson, 1986), incumbent firms, with their financial and managerial resources, are often
better equipped to commercialize these technologies (Astebro & Serrano, 2015; Gans, Hsu, &
Stern, 2002; Teece, 1986). However, the market, regulatory, and technological uncertainties
surrounding climate solutions imply that investments in this sector may be perceived as
high-risk, potentially leading incumbent firms to be reluctant to engage in climate solutions
(Blyth et al., 2007; Noailly, Nowzohour, & van den Heuvel, 2022).

In this paper, we hypothesize that venture capital (VC) investments in climate-tech startups
serve as a signal (“VC signal”) to validate the commercial potential of climate solutions. In the
face of high uncertainties, if managers from incumbent firms learn from the VC signal about
the demand for climate solutions, we expect them to increase their focus on climate solutions
as it would allow them to seize the opportunity for the commercialization of climate solution
products and services.? Specific to climate solutions, VCs are more likely to have information
on market demand, given that most climate technologies are in the startup phase with VCs
providing the bulk of the funding (IEA, 2024).> Additionally, VC investors not only accelerate
the quantity and quality of innovation in startups (Bernstein, Giroud, & Townsend, 2016;
Hellmann & Puri, 2000; Howell, Lerner, Nanda, & Townsend, 2020; Kortum & Lerner, 2000)

but also provide a certification effect through their monitoring, screening, and due diligence of

L Addressing climate change necessitates a significant shift towards carbon emission-free energy technologies.
For example, Bouckaert et al. (2021) estimate that behavior changes will account for less than 5% of carbon
emission reductions by 2050. In contrast, technologies already available in the market will contribute to
55% of the reductions, with the remaining percentage coming from technologies currently under development.
Similarly, Caldeira, Jain, and Hoffert (2003) argue that the introduction of new energy technologies will
increase the probability of limiting global temperature increases to the 2 °C target set by the Paris Agreement.

2Prior literature documents that managers can learn from the market, especially on information that needs
to be aggregated from different sources, much like information about product market demands (Bond, Edmans,
& Goldstein, 2012; Chen, Goldstein, & Jiang, 2007; Goldstein & Yang, 2019).

3In 2021, climate-tech startups raised $53.7 billion from VC and private equity (PE) (BloombergNEF,
2021). The growth rate of capital invested in climate-tech startups between 2015 and 2021 exceeded 150%
(Cornelli, Frost, Gambacorta, & Merrouche, 2023).



startups (Gompers, Gornall, Kaplan, & Strebulaev, 2020; Hellmann & Puri, 2002; Hsu, 2004;
Kaplan & Stromberg, 2001, 2004; Lerner, 1995). In particular, Lerner and Nanda (2020, p.
245) assert that “VCs are naturally drawn to investment opportunities where the ideas can
be commercialized”. From this perspective, VC financing for climate-tech startups represents
informed agents committing capital to support climate technologies, thereby serving as a
signal for the commercial potential for these innovations.

On the other hand, VC investment may not be a credible signal if incumbent firms are
better able to assess the market demand for climate solutions. Additionally, incumbent firms
may respond to the threat of a startup’s climate solutions via other means. Cunningham,
Ederer, and Ma (2021) investigate how incumbent firms react to potential new market entrants
through “killer acquisitions”, specifically to halt the target’s innovation projects and proactively
thwart future competition. Incumbent firms may also lack the incentive and capability to
transition to climate solutions given challenges with organizational inertia (Henderson, 1993).
Therefore, it remains an empirical question whether incumbent firms will increase their focus
on climate solutions in response to VC financing of climate-tech startups.

To answer this question, we study the impact of VC financing of climate-tech startups
on “similar” incumbent firms’ focus on climate solution products or services. We measure
incumbent firms’ focus on climate solutions using data that applies large language models
(LLM) on the “Business Description” from Item 1 of 10-K filings for U.S. public firms (Lu,
Serafeim, Xu, & Awada, 2024). This section of the 10-K filing is ideal for our purposes since it
is a legal filing on the detailed descriptions of companies’ products and services, which makes
it less prone to misinformation and provides a standardized text for LLM to identify firms
focusing on climate solution products and services. Specifically, the measure is based on a
Generative Pre-trained Transformers (GPT) model, fine-tuned using a labeled dataset derived
from authoritative climate solutions sources, to identify sentences related to climate solutions.
We create a CS measure by calculating the ratio of climate solutions sentences to the total
number of sentences in Item 1. We focus on 13 GICS industry groups that are central to
climate solutions, as LLM accuracy is higher in industries with more climate solutions.*

To investigate how VC financing of climate-tech startups affects incumbent firms’ CS

measure, we first match all incumbent firms that are “similar” to a given startup, as these

4The average incumbent firm in our sample has a CS measure of 0.724, meaning around 0.7% of sentences
in Item 1 are classified as a climate solutions sentence. We conduct a series of robustness tests to validate
CS measure. CS measure also varies in expectation to where one might expect to find climate solutions. For
example, the average CS measure is 57% and 11% for Tesla and General Motors, respectively. Details on the
construction of C'S measure is given in Section 2.3.



are the incumbents most likely to respond. Given that startups can operate across industry
boundaries and their products may resemble those of incumbents from various industries, we
adapt the methodology of Hoberg and Phillips (2016) to assess the degree of product market
overlap between incumbents and startups.® Using data from PitchBook, we identify a set of
startups that fall under the category of climate-tech. Then, for each startup, we compute a set
of similarity scores by conducting textual analysis on the business descriptions of the startup
and the business descriptions of U.S. listed companies, using the 10-K filings submitted at the
fiscal year-end preceding the deal date of the VC financing round. We define the set of similar
incumbent firms as those with similarity scores in the top one percentile.

We employ a stacked difference-in-differences (DiD) regression to evaluate the impact of
VC financing rounds on the CS measure of incumbent firms (Baker, Larcker, & Wang, 2022;
Cengiz, Dube, Lindner, & Zipperer, 2019; Gormley & Matsa, 2011). We focus on a four-year
window around VC financing rounds of climate-tech startups and create clean “cohorts” of
VC financing rounds by comparing the changes in the CS measure of similar incumbents
(“treated”) to a set of never-treated non-similar incumbents (“control”) within the same 6-digit
GICS industry code. Conceptually, these control firms should have a similar information
environment regarding the general demand for climate solutions (e.g., regulatory shocks related
to decarbonization), except that treated firms are more likely to respond to the VC signal
given more similar product markets with the startup. Our DiD sample covers the 2005-2021
period and includes 3,961 VC financing rounds involving 1,932 unique startups and 1,676
unique treated and control incumbents, resulting in 59,898 incumbent firm-year observations.
Besides conditioning on firm x cohort and year x cohort fixed effects, the analysis controls
for an array of time-varying variables that may influence incumbent firms’ focus on climate
solutions.

We discover that similar incumbent firms increase their focus on climate solutions more than
non-similar firms in response to VC financing of climate-tech startups. This finding is consistent
with the interpretation that VC financing serves as a signal for the commercial potential of
climate technologies, which induces similar incumbent firms to boost their focus on providing
climate solution products and services. The estimates imply an economically significant effect.
For example, consider two otherwise identical firms, except one is identified as a similar
incumbent firm in a VC financing round, while the other is not. The coefficient estimates

indicate that in the years following the VC financing round, the similar firm increases its CS

®Hoberg and Phillips (2016) examine product market similarity among listed firms, whereas we adapt their
approach to measure product similarity between a startup and a listed incumbent firm.



measure by 0.27 percentage points more than the non-similar firm. This increase corresponds
to approximately 37% of the sample mean of CS measure and 11% of its sample standard
deviation.

To provide supporting evidence that VC investment signals the commercial potential for
climate solutions, we focus on cross-sectional variation where this signal is stronger. First,
we expect the signal to be stronger if the VC investment demonstrates a higher commercial
potential for climate solutions. Consistent with this expectation, the increase in CS measure
is significantly larger in deals with a higher deal size and post-investment valuation, and
when a startup is already generating revenue—factors that suggest investors see a significant
commercial potential for the startup (Burt, Harford, Stanfield, & Zein, 2023; Pham, Rezaei,
& Zein, 2023). Moreover, similar incumbent firms exhibit a more pronounced increase in
their CS measure if the startup is funded by VCs with a track record of superior investment
performance and a commitment to investing in the climate-tech sector. When we separate
the investor syndicate into traditional VCs and impact-focused investors, the main effect only
holds for traditional VCs that are financially motivated. In contrast, the effect is attenuated
for impact-focused investors, consistent with a weaker signal for commercial potential when the
investor pursues non-financial objectives. Second, we expect a stronger response from similar
incumbent firms when the VC investment is more visible, and hence is more likely to gain
attention from incumbent firms. We find that the increase in CS measure of similar incumbent
firms is significantly larger in startup deals with more new investors and for startups with
higher media coverage leading up to the deal.

Having documented that incumbents increase their focus on climate solutions after the VC
investment, we consider several potential alternative explanations for our findings. First, one
alternative explanation could be confounding climate-specific technological or policy shocks
that increase the importance of climate solutions, leading to simultaneous increases in both
VC investment in climate-tech startups and incumbent firms’ focus on climate solutions. Our
main research design mitigates this concern by including control firms from the same industry
as similar incumbent firms, where potential confounding shocks should similarly affect control
firms. Additionally, our cross-sectional analysis further supports our interpretation, as we
would not expect the results to be more pronounced when the signal is stronger if they were

driven by confounding events.”

SWe also conduct other cross-sectional tests that support the VC signal interpretation. First, our result is
more pronounced during periods of higher environmental regulatory uncertainty, when the VC signal is likely
to be more informative. Second, our result is more pronounced for incumbent firms with existing climate



A related concern is reverse causality, where VC investments occur after observing incum-
bents’ shift to climate solutions. To mitigate this concern, we validate the parallel trends
assumption by demonstrating that the increase in similar incumbent firms’ C'S measure relative
to non-similar firms occurs only after VC financing rounds. Moreover, we analyze incumbent
firms’ mergers and acquisitions involving climate and non-climate startups and find no signifi-
cant differences before and after VC financing, further alleviating concerns regarding reverse
causality.”

To provide additional support, we conduct robustness tests focusing on subsamples where
the VC financing of climate-tech startups is likely driven by two sources of exogenous variation:
state-level capital gains taxes of VCs and government grants to startups. Consistent with
prior literature, we observe that a reduction in state-level capital gains taxes is associated
with increased investment in startups by VC firms headquartered in the state (Dimitrova &
Eswar, 2023) and that startups receiving a government grant are more likely to attract VC
financing (Cornelli et al., 2023; Howell, 2017). These two sources of variation are relatively
exogenous in the sense that they affect the likelihood of startups receiving VC financing but
do not directly impact incumbent firms’ focus on climate solutions. We repeat our baseline
DiD regressions in the subsample where VC financing is likely driven by these two sources of
exogenous variation and our results remain robust.

Second, an alternative interpretation is that when VCs invest in a startup, competitive
threats may induce similar incumbents to increase their focus on climate solutions to prevent
potential market share loss to new startup entrants. While we acknowledge that this competi-
tive threat channel is not mutually exclusive from the VC signal channel our paper focuses
on, additional analyses suggest our results align more closely with the VC signal channel.
Specifically, we examine the stock price reactions of similar incumbent firms around VC
financing dates and find that those operating in the same industry as the startup experience
significantly higher cumulative abnormal returns (CARs) if they have existing climate solutions,
compared to those without such solutions. This positive market reaction is more consistent
with the VC investment being perceived as a signal of market potential rather than as a

heightened competitive threat. Additionally, our result holds among early-stage startups in

solutions and those operating in the same industry as the startup. These incumbents are more likely to benefit
from focusing on climate solutions, as firms with existing climate solutions possess complementary assets that
facilitate commercialization (Astebro & Serrano, 2015; Teece, 1986), and those in the same industry share
overlapping customers, indicating similar product market demand for climate solutions.

"Our finding that there are no observed changes in mergers and acquisitions alleviates concerns that
incumbent firms are engaging in “killer acquisitions”, where they acquire startups with the intent to preempt
future competition (Cunningham et al., 2021).



Seed and Series A rounds, where the competitive threat is lower.

Third, a potential concern is that our CS measure does not reflect real product focus or
investment in climate solutions. To investigate the investment implications of the VC signal
and further validate that our CS measure reflects an increased focus on climate solutions,
we assess the impact of a higher C'S measure on incumbent firms’ investments. Employing
VC investments in climate-tech startups as an instrumental variable, we examine how the
VC-induced increase in C'S measure affects firm investments. Our findings reveal a positive
and statistically significant relationship; that is, VC-induced increases in C'S measure lead
to higher firm investments measured across three key financial metrics: capital expenditures,
research and development expenses, and a decrease in dividend payouts (a proxy for higher
reinvestment). This analysis demonstrates that, in response to the VC signal, similar incumbent
firms focus more on climate solutions, evidenced by an increase in investments and research
and development.®

Finally, our results remain robust when using several different methodological specifications.
First, to validate our measure of incumbents’ climate solutions, we repeat our analysis using
firm-level climate change opportunities measure developed by Sautner, Van Lent, Vilkov, and
Zhang (2023), which are based on earnings call attention rather than 10-K filings. Our findings
reveal that similar incumbent firms increase their exposure to climate-related opportunities
and show more positive sentiment towards these opportunities in response to VC financing
rounds, while their exposure to regulatory and physical risks, as well as uncertainty or negative
sentiment towards these opportunities, does not significantly change. Second, the results hold
when we use alternative stacked DiD specifications such as employing different definitions for
the control group, and use propensity score matching to address the potential nonrandom
assignment of incumbent firms into treated and control groups. Third, the results remain
robust when using a staggered two-way fixed effects DiD and implementing the procedure by de
Chaisemartin and D’Haultfoeuille (2020) to address potential biases arising from heterogeneous
treatments in DiD settings.

Our research contributes to the literature studying the real impact of VC financing of
startups on incumbent firms. Previous research documents spillover effects of VC/PE invest-
ments on local economic growth (Samila & Sorenson, 2011), industry performance (Aldatmaz

& Brown, 2020; Bernstein, Lerner, Sorensen, & Stromberg, 2017), and the performance of

8 Additionally, using the same CS measure for a broader sample of firms, Lu and Serafeim (2024) find that
firms with higher C'S measure are associated with higher green revenue, green patent, as well as higher expenses
related to research and development, cost of goods sold, and selling, general, and administrative expenses.



incumbent firms (Hsu, Reed, & Rocholl, 2011). Furthermore, studies show that VC investments
can affect incumbent firms through the labor market, leading to an increase in employee
compensation (Dore, 2015) and wage growth for high-skilled workers at local incumbents
(Zeng, 2020). Our analysis specifically examines how incumbent firms adjust the focus of their
products and services in response to signals indicating the commercial potential of climate
solutions arising from VC financing of climate-tech startups.

Our study also contributes to the burgeoning literature examining VC investments in
climate-tech startups. Existing research focuses on the impact of VC investments on the
performance of climate-tech startups (Burt et al., 2023) and the effect of funding awards on
the success of these startups (Goldstein, Doblinger, Baker, & Anadén, 2020; Howell, 2017).
Other studies explore the drivers behind VC investments in climate-tech startups, such as
climate regulation (Park, 2023) and environmental policy uncertainty (Noailly, Nowzohour, &
van den Heuvel, 2021; Noailly et al., 2022). Furthermore, research examines the returns to VC
investors from investing in climate-tech startups (Cornelli et al., 2023; Gaddy, Sivaram, Jones,
& Wayman, 2017; van den Heuvel & Popp, 2023). Our study differs in that we explore the
broader implications of VC investments in the climate-tech sector by investigating how these
investments shape the business decisions of incumbent firms in climate solutions. Our measure
of incumbent firms’ focus on climate solutions enables us to shed light on this question.

Finally, our study adds to the growing body of literature that leverages advancements in
artificial intelligence to analyze the impact of climate change on firms’ economic outcomes.
Previous research utilizes textual analysis to gauge firms’ exposure to climate risks (Berkman,
Jona, & Soderstrom, 2023; Kolbel, Leippold, Rillaerts, & Wang, 2024; Li, Shan, Tang, &
Yao, 2024; Sautner et al., 2023), climate news (Engle, Giglio, Kelly, Lee, & Stroebel, 2020),
climate disclosures (Bingler, Kraus, Leippold, & Webersinke, 2023), and green innovation
(Leippold & Yu, 2023). These studies primarily adopt a risk perspective to quantify the
physical, transitional, and technological risks that climate change poses to firms. In contrast,
we adopt a business opportunity perspective, examining how incumbent firms capitalize on

business opportunities arising from climate change through their products and services.
2. Data, sample, and variables
2.1. Startup sample

Our sample consists of startups headquartered in the U.S. identified with data from PitchBook.

This dataset has comprehensive coverage of various aspects of startup financing rounds,



including details such as timing, stage (e.g., Seed, Series A, B, C, etc.), investment amount,
and the identity of investors involved in each round. PitchBook further categorizes startups into
“verticals” based on their technological orientation (e.g., FinTech, Nanotechnology, Software-as-
a-Service, etc.). These verticals group startups into clusters that concentrate on a shared niche
or specialized market.® Our analysis specifically focuses on startups falling under the “Climate
Tech” or “CleanTech” verticals.'® We consider VC financing rounds taking place between 2005
to 2021. To be included in our sample, a financing round must meet the following criteria:
1) it is explicitly identified in the PitchBook database as a “Venture Capital” round with at
least one investor in the syndicate identified as a VC investor by PitchBook;!! 2) it must have
non-missing data for deal size and deal date; and 3) it must involve the raising of new equity
(debt-only and secondary-sale rounds are excluded).

Panel A of Table 1 presents summary statistics for climate-tech startup deals sorted by
year. Our sample consists of 3,961 deals involving 1,932 unique startups. The observed trends
in the number of deals and the average deal size per year align with patterns documented
in previous studies (Cornelli et al., 2023; Gaddy et al., 2017; van den Heuvel & Popp, 2023).
Specifically, the period from 2005 to 2011 witnessed an initial boom in climate-tech investments
with a surge in both the number of deals and average deal size. Subsequently, there was a
contraction in deal activity from 2012 to 2014. Following this downtrend, the second boom
period occurred from 2015 to 2021, characterized by substantial investment inflows, with the
average deal size peaking at $41 million in 2021. The average number of investors per deal

also exhibits an upward trend beginning from the second boom period.
2.2.  Identifying similar incumbent firms

Our objective is to identify, from the entire set of listed incumbent firms, those that are most
similar to a particular startup. We follow the methodology of Hoberg and Phillips (2016),

which suggests assessing the degree of overlap between the features of the products offered

9A single vertical may be comprised of companies that span multiple industries. PitchBook explains the
differences between verticals and industry classifications here: https://pitchbook.com/what-are-industry
-verticals.

0Based on PitchBook’s definition, the “Climate Tech” vertical includes “companies developing technologies
intended to help mitigate or adapt to the effects of climate change. The majority of companies in this vertical
are focused on mitigating rising emissions through decarbonization technologies and processes. Applications
within this vertical include renewable energy generation, long duration energy storage, the electrification of
transportation, agricultural innovations, industrial process improvements, and mining technologies, among
others.” Similarly, the “CleanTech” vertical includes “developers of technology which seeks to reduce the
environmental impact of human activities or to significantly reduce the amount of natural resources consumed
through such activities.”

UThis restriction excludes VC rounds financed purely by individuals, angel groups, accelerators /incubators,
crowdfunding investors, etc.


https://pitchbook.com/what-are-industry-verticals
https://pitchbook.com/what-are-industry-verticals

by the incumbents and those of the startup. While Hoberg and Phillips (2016) concentrate
on product similarity among listed firms, we adapt their approach to measure the product
similarity between a startup and a listed incumbent firm.

PitchBook provides a business description of each startup that summarizes the startup’s
primary products and target customer base.'? Although these descriptions generally do not
exceed a paragraph, PitchBook structures them in a way that comprises highly informative

13 We parse each description to extract a set of keywords that closely represent a

words.
startup’s product characteristics. Following Hoberg and Phillips (2016), the keywords consists
of rare and proper nouns identified in the descriptions. Rare nouns are those appearing in
less than 25% of descriptions, while proper nouns are capitalized more than 90% of the time.
Geographic location names, including countries, U.S. states, and largest cities, are excluded.

The set of extracted keywords is used in conjunction with the business description of
each incumbent firm, found in Item 1 of its 10-K filings, to assess the extent to which the
incumbent firm’s existing product features share similar characteristics with those of the
startup. Following Hoberg and Phillips (2016), we exclude firms without valid Compustat
data, firms with nonpositive sales, and firms with assets of less than $1 million. Since the
product information of a listed firm changes over time due to annual updates in its 10-K
filings, we rely on the most recent 10-K filed at the fiscal year-end preceding the deal date
of the VC financing round.'® This approach, by identifying similar firms before the startup
secures financing, serves to mitigate look-ahead bias as it ensures that we do not inadvertently
capture the product characteristics of firms that, ex post, choose to become similar to the
startup.

We compute a similarity score for each pair of a startup (j) and an incumbent firm
(1), reflecting the proportion of keywords shared between the startup’s description and the
incumbent’s Item 1 Business Description. Following Loughran and McDonald (2011), we

assign a weight to each keyword k, denoted as wy, defined as the log inverse of its frequency

12PjtchBook primarily acquires information from the startup’s website, and their research team manually
crafts a description based on that data. In cases where a website is unavailable, PitchBook relies on information
from press releases and investor portfolios to provide a summary of the startup’s operations.

13The standard structure of a business description typically commences with a succinct overview of the
startup’s core product or service. It then delves into more detailed aspects, describing features and benefits
while emphasizing the value that the product or service offers to its target customer base. If information is
available, PitchBook also includes a description of the startup’s business model and a statement of purpose
that articulates the reason for the company’s establishment.

“For instance, if a firm has a fiscal year ending in September and a startup secures VC financing in August
2015, we would utilize the 10-K filed as of the fiscal year-end in September 2014.



across all startup descriptions in our sample:'®

wy, = log(N/ f), (1)

where N is the total number of startups across all VC financing rounds and f; is the number
of startups whose descriptions include the keyword k. Formally, the similarity score between
startup 7 and incumbent 7 is given by:

(2)

Similarity score;; =

where W is the vector containing the weights wy,, S; is the vector containing the keywords
associated with startup j, and S; is the vector containing the keywords extracted from all
startup descriptions that are found in incumbent firm 4’s Item 1 Business Description. S; o S;
represents a vector that contains the shared set of keywords between startup j and incumbent
firm i.'® The similarity score ranges from 0 to 1 and signifies the extent to which the incumbent
firm’s product market overlaps with that of the startup, with a higher score indicating greater
similarity.

We define the set of “similar” incumbent firms for a specific startup as the listed incumbent
firms ranking within the top one percentile of similarity scores with respect to the given startup
J. In the following section, we examine the characteristics of this set of similar incumbent

firms to rationalize their selection.
2.2.1. Characteristics of similar incumbent firms

Figure 1 plots the average similarity score across all startups for a given rank.!” The vertical
dashed line represents the average cutoff rank for the top one percentile of similarity scores. As
depicted in Panel A, the set of similar incumbent firms corresponding to the top one percentile
of similarity scores comprises approximately 32 incumbent firms. The average similarity score

is as high as 0.75 for the first-ranked (most similar) incumbent firm and drops to 0.57 for the

5This weighting scheme means that less frequent words convey more information about the startup’s
business.

16The denominator of the similarity score in Equation (2) includes only S; and not S;, differing from Hoberg
and Phillips (2016). If we were to also incorporate S; in the denominator, it would imply that incumbent firms
with diverse product features (i.e., those with longer Item 1 Business Descriptions) are more dissimilar to a
given startup compared to more focused incumbent firms (i.e., those with shorter Item 1 Business Descriptions)
that share the same number of keywords with the startup. By dividing only by S}, we ensure equal treatment
of these two incumbent firms in terms of similarity to the startup.

"For example, at rank 1, the graph shows the average similarity score across all startups for incumbent
firms with the highest similarity score.
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32nd ranked incumbent firm. Panel B shows that moving down from the first to the 32nd
rank leads to a significant change in the average similarity score. However, from the 32nd rank
onwards, the graph remains roughly flat, with the average change in similarity averaging only
0.09%. Thus, the top one percentile of incumbent firms constitutes a group of similar firms
where the addition of further firms to the set has negligible effects on the average similarity
score.

As further validation, we assess the industry overlap between the GICS industry group of
the set of similar incumbent firms and startups. Although startups are typically not assigned
a GICS industry code, PitchBook assigns its own industry code to each startup.'® Panel B of
Table 1 displays the distribution of startups across industry sectors based on the PitchBook
industry classification. The majority of startups are in the Consumer Products and Services
sector, followed by Energy, and Information Technology. We manually match each startup’s
PitchBook industry code to at least one 4-digit GICS industry group based on the descriptions
provided by the respective industry taxonomy.'® On average, we observe that 34% of similar
incumbent firms share the same 4-digit GICS industry group as the startup. Thus, our
methodology is effective at capturing the set of incumbent firms that are most similar to
startups, as there is a modest degree of industry overlap between them.

In another validation test, we examine the likelihood that similar incumbent firms belong
to the same GICS industry. If our methodology is effective in identifying incumbent firms
similar to startups, there should be a reasonable degree of overlap in GICS codes among
these similar incumbents. Panel C of Table 1 presents the distribution of similar incumbent
firms across GICS industry sectors. The top three industries where similar firms belong to
are Industrials, Information Technology, and Energy—coinciding with the top three sectors
for most startups. On average, 59% of similar incumbent firms share the same 6-digit GICS
industry code. While not directly comparable, our figure is similar to that of Hoberg and
Phillips (2016), who document that two listed companies with the same text-based industry
classification are 44% likely to belong to the same 3-digit SIC code.

18PitchBook’s industry classification is based on the GICS, making them highly comparable.

9To illustrate, consider the PitchBook industry code 1.1.1, denoted as “Aerospace and Defense,” with
the definition “Manufacturers of equipment, parts or products related to civil or military aerospace and
defense. Includes aircraft parts, firearms, and other munitions.” This PitchBook industry is matched with
the GICS industry labeled “Aerospace & Defense,” which has a 4-digit GICS industry group code of 2010.
The PitchBook industry definition closely aligns with the GICS industry definition: “Manufacturers of civil or
military aerospace and defense equipment, parts or products. Includes defense electronics and space equipment.”
In general, a PitchBook industry code could be matched to more than one GICS industry group.

11



2.3.  Climate solutions large language model

To measure incumbent firms’ focus on climate solution products and services, we utilize a GPT
model fine-tuned to detect climate solutions sentences in the “Business Description” section of
10-K filings from the Securities and Exchange Commission’s (SEC) EDGAR database (Lu
et al., 2024). Our sample period spans fiscal years 2005 to 2021. We start in 2005 because
the structure of the 10-K is more stable since the SEC requires firms to disclose the most
significant risks in Item 1A starting fiscal year 2005. We keep 13 (out of 25) GICS industry
groups that are central to climate solutions, where LLM can be more accurate in identifying
climate solutions.

The climate solutions measure is based on a fine-tuned GPT model using a labeled training
set of 3,508 sentences. These sentences are chosen from 10-K Item 1 sentences that are
representative of each of the 13 industry groups, as well as sentences that the model deems
more difficult to classify through an active learning approach.?’ The labeling for climate
solution sentences is based on Project Drawdown, which contains a list of technologies that
can reduce greenhouse gases in the atmosphere, and are compiled by a network of scientists
and researchers.

GPT is well-suited for this measure since separating climate solution sentences from other
climate sentences requires more advanced context recognition than other methods such as
lexicon-based approaches, and the pre-trained GPT model is more capable of understanding
contextual sentences. For example, “We produce electric vehicles” is considered a climate
solutions sentence, but “We believe we have a responsibility and opportunity to play a role in
the global economic transition to net zero emissions” is not. As a more challenging example,
the sentence “Primary fleet EV competitors include Smith Electric, Azure Dynamics, Enova,
and EnVision Motor Company” is classified as a climate solutions sentence but “Electric
vehicle industry growth has accelerated in the past several years” is not. While both sentences
include the climate solution electric vehicles (EV), the former implies the focal firm produces
EV and has EV competitors, while the latter merely describes an industry trend without
sufficient information to suggest the focal firm produces EV. The fine-tuned climate solutions
GPT model achieves an accuracy rate of 84.09% and an F1 score of 0.79, indicating a high

level of precision and recall in its predictions.

20Tn machine learning, active learning is a semi-supervised learning framework that selects the data points
the model learns from with the aim of optimizing learning efficiency and model performance with less labeled
data. We provide more details in Online Appendix B.

21The F1 score is calculated the harmonic mean of precision and recall. Precision is the percentage of
predicted positives that are truly positive. Recall is the percentage of true positives that are predicted as
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The climate solutions GP'T model to applied to all sentences in 10-K Item 1 in our sample.
To capture the relative importance of climate solutions for a given firm-year, we create a CS
measure, defined as the number of climate solutions sentences divided by the total number of
sentences in 10-K item 1. We use this measure to proxy for a firm’s involvement in climate
solution products and services. Previous research has shown that this measure correlates with
other measures of climate opportunities, such as green patents, green revenues, and climate
opportunities discussed in earnings calls (Lu & Serafeim, 2024). Moreover, it correlates with
higher research and development investments, cost of goods sold, and administrative expenses
required to commercialize climate solutions (Lu & Serafeim, 2024). Appendix B provides more

details on the construction and labeling of the climate solutions GPT model.
2.4.  Control variables

We include a number of variables to control for factors that may affect incumbent firms’
focus on climate solutions. We obtain financial information from Compustat and stock prices
from CRSP. Controls for firm fundamentals include the natural logarithm of one plus the
number of years since the firm is first recorded in the CRSP stock database (Firm age), the
natural logarithm of total assets (Firm size), the natural logarithm of the book-to-market
ratio (Book-to-market), return on assets (ROA), book leverage (Leverage), current fiscal year
sales divided by previous fiscal year sales minus one (Sales growth), and cash divided by total
assets (Cash). Controls for stock characteristics include the cumulative 12-month return of a
stock, excluding the immediate past month (Momentum), the annual stock return of the firm
(Stock return), and the standard deviation of monthly stock returns over the past 12 months
(Stock wvolatility). Controls for existing industry concentration include a given firm’s sales
divided by the total sales of all listed firms in the same SIC2 industry (Market share) and
Hoberg, Phillips, and Prabhala’s (2014) product market fluidity measure (Fluidity). Table A.1

in Appendix A describes the control variables in detail.
3. Research design
3.1.  Baseline DiD specification

Given the observed bias in conventional two-way fixed effects DiD models (Baker et al., 2022),
we adopt the approach recommended in the literature by employing a stacked DiD specification
(Cengiz et al., 2019; Gormley & Matsa, 2011). Specifically, we focus on an event window of

four years before to four years after startups’ VC financing rounds. For each VC financing

positives.
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round of a given startup (which we call a cohort), we construct cohort-specific “clean” datasets.
An incumbent firm is treated in a given VC financing round if it is identified as a similar firm
in that round and not in any other rounds in the preceding four years. If a treated firm is
classified as a similar firm in multiple startup deals that occur in the same event year, we
assign it to the deal where it has the highest similarity score.

To qualify as a control, incumbent firms cannot be identified as a similar firm for any other
rounds in the entire event window. Additionally, control firms are matched to the same 6-digit
GICS industry code as the treated firms. To define the control sample, our goal is to identify
incumbents that are “not” similar to the startup, corresponding to incumbent firms below a
certain percentile of similarity scores. However, setting a percentile cutoff that is too low (e.g.,
the bottom one percentile) limits the full variation in non-similar incumbents. Conversely,
setting a percentile cutoff that is too high (e.g., the bottom 80 percentile) risks including too
many control firms that may not be non-similar enough. For our baseline specification, we
designate an incumbent firm as a control in a given VC financing round if it is in the bottom
20th percentile of similarity scores.?> We choose this percentile cutoff because, on average, for
each VC financing round, each treated firm corresponds to about 5 control non-similar firms
after matching based on the 6-digit GICS industry code.?® Appendix C provides an example
of the algorithm used to identify similar and non-similar incumbent firms for a given cohort.

These cohort-specific datasets are then pooled together, and a DiD regression is estimated
on the stacked dataset, allowing for firm and year fixed effects to vary by cohort. Formally,

we estimate the following regression:

CS measure; ;. = Top Simz'larw X Posty .+ vXii—1+ Tic + Pre + €ites (3)

where ¢ denotes firm, ¢ denotes year, and ¢ denotes cohort. CS measure;; . is the percentage
of sentences identified as climate solutions to the total number of sentences in firm ¢’s 10-K
Item 1 Business Description in year ¢ and cohort c¢. Top Similar; . is a dummy variable equal
to one if firm ¢ is treated in cohort ¢, and zero otherwise. Post, . is a dummy variable equal to
one for the event year and subsequent four years in cohort ¢, and zero otherwise. X;, ; is

a vector of control variables. The standard errors are clustered at the firm level. The DiD

22Incumbent firms that have never been identified as a similar firm will function as clean controls across all
cohorts. Firms treated in later cohorts might appear multiple times since they can also serve as controls for
earlier cohorts.

23As discussed in Sections 5.4.1 and 5.4.2, we examine the robustness of the results with alternative cutoffs
and specifications for the control sample.
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estimate, /3, measures the average treatment effect of climate-tech startups’ VC financing on
similar incumbent firms’ focus on climate solutions.

Firm X cohort fixed effects (7;.) and year x cohort fixed effects (p;.) subsume the main
effects for Top Similar; . and Post; ., respectively. The inclusion of 7; . controls for unobservable
incumbent firm characteristics that may influence a firm’s focus on climate solutions. For
example, long-term institutional shareholders that hold a large stake in certain firms may
prioritize engagement efforts on sustainability issues that include a focus on climate solutions
(Azar, Duro, Kadach, & Ormazabal, 2021; Naaraayanan, Sachdeva, & Sharma, 2021). Similarly,
the introduction of p; . accounts for common time-specific shocks that simultaneously affect
both incumbent firms’ investments in climate solutions and climate-tech startup deals. For
example, if a surge in market demand for a specific green technology impacts both incumbents’
and startups’ investments in climate solutions in a similar manner, it can be controlled for
using py ..

4. Main analyses

4.1.  Summary statistics

Figure 2 depicts the distribution of average similarity scores among incumbent firms identified
in the top one percentile of the similarity score. The distribution closely mirrors a normal
distribution, with scores symmetrically distributed around the mean and no significant concen-
trations in the tails. This observation suggests that our identification of similar firms avoids
a bias towards either an excess of very low similarity scores or an abundance of very high
similarity scores. The distribution of scores also indicates that some startups have very few
similar incumbent firms, while others have many, aligning with the characterization of startup
activity as a spectrum that includes both innovators and imitators (Hellmann & Puri, 2000).

Table 2 presents summary statistics for key variables. Out of the 59,898 firm-year obser-
vations used in the DiD regression, approximately 16% belong to the treated group. The
mean value of the CS measure is 0.724, indicating that, on average, 0.72% of the sentences
in an incumbent firm’s 10-K Item 1 Business Description are identified as related to climate
solutions. The standard deviation is 2.5, signifying considerable variation in the extent to

which sentences are labeled as climate solutions across incumbent firms.
4.2.  Baseline results

Table 3 reports the estimates of Equation (3). Column (1) includes firm x cohort and year

x cohort as the only control variables to maintain the largest possible sample size and to
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alleviate the concern that including additional covariates could confound estimates of 3 if they
are also affected by the treatment (Gormley & Matsa, 2014). We find that the coefficient on
Top Similar x Post is positive and significant, indicating that similar incumbent firms increase
focus on climate solutions more than non-similar incumbent firms in response to climate-tech
startup deals. Introducing firm and stock characteristics as additional control variables in
columns (2) and (3), respectively, the coefficient on Top Similar x Post continues to load
significantly positively. Column (4) is the most stringent specification, incorporating controls
for incumbent firms’ existing product market competition. The coefficient estimate in this
column indicates that similar incumbent firms increase their CS measure by 0.27 percentage
points more than non-similar firms in response to climate-tech startups’ VC financing rounds.
In economic terms, this effect translates to 37% (= 0.265/0.724) of the sample mean of CS
measure and 11% (= 0.265/2.494) of its sample standard deviation. Taken together, these
findings support the hypothesis that VC financing for climate-tech startups stimulates similar
incumbent firms to increase their focus on climate solutions.

We also conduct a placebo test to further assess the impact of VC financing rounds on
similar incumbent firms’ CS measure. We estimate 1,000 simulations of the regression in
column (4) of Table 3. In each simulation, we randomly assign Top Similar across incumbent
firms rather than using the actual definition of Top Similar. We collect each simulation’s
estimated coefficient on the placebo term Top Similar x Post. Figure 3 plots the kernel
density distribution of these estimated coefficients and the corresponding p-values. As shown,
the majority of the simulated s are concentrated around zero and not statistically significant
at the 10% level, while the “true” /3 is on the very right tail of the distribution. The results
from the placebo test suggest that our findings are unlikely to be driven by random variation

in the assignment of Top Similar.
4.2.1.  Dynamic effects

Our identification is based on the parallel trends assumption, that both treated and control
firms exhibit similar trends in CS measure prior to VC financing rounds. To validate the
assumption that the trends in CS measure of the treated and control firms would be the same
in the absence of startup deals, we estimate a dynamic version of Equation (3), focusing on
the four years preceding and following VC financing rounds as follows:

=+4

CS measure; ;. = Z AeTop Similar; . x Hfﬁ + X1+ Tie + Pre+ Eite, (4)

=—4
r£-1
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where Hfﬁc is a dummy variable that equals to one for year ¢ relative to the event year in cohort
¢, and zero otherwise. The dynamic effects, Ay, provide event-study style regression estimates
that reflect the changes in CS measure between similar and non-similar firms over time, both
before and after VC financing rounds. We define the year prior to the VC financing round as
the reference period, denoted by ¢ = —1.

Figure 4 shows the dynamic effects from estimating Equation (4). There is no indication
of any significant differences in CS measure prior to startups’ VC financing rounds, which
lends support to our assumption that there are no differential responses in incumbents’ focus
on climate solutions before startup deals. However, beginning in the year of the VC financing
round, a gap opens up so that similar firms’ CS measure is about 0.15% higher compared to
non-similar firms. The gap grows wider in the following three years before decreasing in the
fourth year. This gradual increase in magnitude aligns with the idea that firms often have a
stock of innovations or products that they can deploy when market conditions change, while
it also takes time to further invest in and develop new climate solutions. Furthermore, none
of the 95% confidence intervals of )\, in the post-VC financing period overlaps with those in
the pre-VC financing period. Overall, the parallel trends assumption is likely to be satisfied in

our DiD research design.
4.8.  Cross-sectional characteristics by signaling strength

To provide evidence on the signaling effect of VC investment in climate-tech startups, we
conduct cross-sectional tests to explore how variations in signaling strength across VC financing
rounds affect similar incumbent firms’ focus on climate solutions. We augment Equation (3)
by including triple interaction terms with deal characteristics that are expected to have larger
signaling effects on incumbent firms’ CS measure: (i) the valuation and financial prospect of

the startup; (ii) the type of investors involved; and (iii) the visibility of the startup deal.
4.8.1.  Startup valuation and financial prospect

Large VC investments and high startup valuations are often interpreted as indicators of market
demand and investor confidence in the startup’s potential success. Incumbent firms may see
this as a signal that there is a viable market for the commercialization of climate solution
products and services, and hence increase focus on climate solutions.

We use three variables to measure startups’ valuation and future financial prospects.

Deal/Premoney valuation is the ratio of the total amount of capital invested in the startup in
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the round to the startup’s pre-money valuation in the same round.?* A higher ratio signifies
investors’ commitment to supporting the startup for market expansion (Pham et al., 2023).
In(Post valuation) is the natural logarithm of the post valuation of the startup, which is
the nominal value of the startup immediately after the VC financing round. A higher post
valuation often suggests that investors see a significant market opportunity for the startup
(Burt et al., 2023). Generating revenue is a dummy variable equal to one if the startup’s
business status is classified as “Generating Revenue” or “Profitable” by PitchBook, and zero
otherwise. This variable captures the startup’s success in translating its investments in climate
technology into a revenue stream. For incumbents, the presence of a revenue generating
startup serves as an indicator that real market demand exists for climate solutions.

In columns (1) to (3) of Table 4, we include triple interaction terms for Deal/Premoney
valuation, In(Post valuation) and Generating revenue interacted with Top Similar x Post
in Equation (3), respectively. For all three columns, the coefficient on the triple interaction
term is positive and statistically significant, implying that similar incumbent firms show a
more pronounced increase in their CS measure in response to rounds with larger valuation

and financial prospects.
4.8.2.  Investor characteristics

We anticipate a stronger VC signal if the startup is funded by VCs that have a track record of
superior investment performance and a commitment to investing in the climate-tech sector.
VC performance is known to be persistent, with better performance in past investments
predicting higher financial returns in subsequent investments (Nanda, Samila, & Sorenson,
2020). Therefore, incumbent firms may perceive the commitment of high-performing VCs in
the climate-tech sector as a signal that active investment in climate-tech startups leads to
higher financial returns (Burt et al., 2023).

To assess VCs’ investment performance, we calculate the cash-on-cash (CoC) multiple
of exited investments, the most common metric used by VCs to evaluate their performance
(Gompers et al., 2020). The CoC multiple is the value of the startup at the time of exit
divided by the total amount invested, representing the ratio of returned over invested capital
(Gaddy et al., 2017; van den Heuvel & Popp, 2023). For startups that are acquired, we use
the reported deal acquisition value as the exit value. For an IPO exit, we use the pre-money

IPO value as the exit value. Lastly, for startups exited through liquidation, bankruptcy, or

24The pre-money valuation of a startup is its valuation excluding the capital received in the latest financing
round.
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going out of business, their exit value is set to zero. We assume a VC has a commitment to
investments in the climate-tech sector if it has investment funds where “Climate Tech” or
“CleanTech” is a preferred investment vertical according to PitchBook.

We define High CoC' VC as a dummy variable equal to one if the average CoC multiple
for all exited investments in the four years before the deal date across all VC investors in the
syndicate is above the median and at least one VC investor in the syndicate is committed
to climate-tech investments, and zero otherwise. In column (4) of Table 4, we introduce
an interaction term between High CoC VC and Top Similar x Post. The positive and
significant coefficient on this triple interaction term suggests that similar incumbent firms
demonstrate a stronger positive response when startups are funded by high-performance VCs
with a commitment to climate-tech investments, indicating a stronger signal for commercial
potential.

We also test if incumbents exhibit a weaker response when impact investors participate in
the funding round of a startup. Unlike traditional VCs, impact investors pursue non-financial
objectives. Barber, Morse, and Yasuda (2021) show that impact investors are willing to
sacrifice financial returns because they derive nonpecuniary utility from investments that
yield beneficial environmental impact. Similar incumbent firms may interpret the presence of
impact investors as an indication that the startup aligns more with broader environmental
goals than with the commercial potential of climate solutions.

We account for the involvement of general impact investors using the variable Impact
investor, which is a dummy variable equal to one if at least one of the investors participating in
the VC financing round is classified as an impact investor by PitchBook, and zero otherwise. In
column (5) of Table 4, the coefficient on the triple interaction term is negative and statistically
significant, implying that the response of similar incumbent firms weakens when impact

investors are part of the syndicate.?
4.8.3.  Signaling visibility

Startup deals with higher visibility can indicate broader market validation for the commercial

potential of climate technology offered by these startups. This enhanced visibility may boost

25In Internet Appendix Table IA.1, we also consider two other types of strategic investors: Breakthrough
Energy and corporate venture capital (CVC). While Breakthrough Energy operates as an impact investor with
a broader focus than purely financial considerations, an investment from Breakthrough Energy likely signals
both technical feasibility and the market scalability of the climate technology. CVCs may exhibit different
risk appetites compared to traditional VCs, as they are more inclined to tolerate higher risks associated with
innovative climate solutions (Chemmanur, Loutskina, & Tian, 2014; Ma, 2020). We find that the response of
similar incumbent firms to startup investment by Breakthrough Energy or a CVC is not statistically different
from that of a traditional VC.
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the perceived market opportunities for the startup, thereby incentivizing incumbent firms to
increase their focus on climate solutions.

We measure the visibility of startup deals in two ways. New investors is the number of
new investors that participated in the VC financing round for the startup as a proportion
of the total number of investors in the round. A new investor is someone who invests in a
startup for the first time and has not participated in any prior round of financing for the
same startup. We exclude seed rounds when calculating New investors.?® An increase in the
proportion of new investors in a given VC round signifies a broadening of the investor base,
positively contributing to the visibility of the deal. Media is the natural logarithm of one plus
the total number of news articles featuring the startup from four years prior to the event date
to 30 days before the event date.?” Research demonstrates that increased media coverage is
associated with improved exit outcomes for startups (Baik & Shin, 2023). In columns (6) and
(7) of Table 4, our findings indicate that VC rounds with higher visibility, as proxied by New
investors and Media, correspond to a greater increase in similar incumbents’ focus on climate

solutions.
4.4.  Which incumbent firms respond?

The results thus far indicate that VC financing rounds for climate-tech startups prompt similar
incumbent firms to intensify their focus on climate solutions. The cross-sectional tests by
signaling strength suggest that these findings are consistent with the view that the VC signal
enhances the perceived commercial potential of startups’ climate technology, which in turn,
motivates similar incumbent firms to focus on climate solutions. In this section, we corroborate
these results by exploring which incumbent firms exhibit a more pronounced response to these
VC signals.

If VC investment signals the commercial potential of climate solutions, then we expect
two types of incumbent firms to be more likely to respond. First, we consider incumbent firms
in the same industry as the startup. Incumbents and startups operating in the same industry
are likely to share overlapping customer bases, which means the signal for customers’ market

demand is likely more relevant in the same industry. However, we acknowledge that incumbents

26Seed rounds are excluded because in these rounds, all investors are typically regarded as new investors by
default.

2TpitchBook provides data on news articles related to a particular startup. We stop counting news articles
30 days before the deal date because, in the month leading up to the deal, there is often extensive news
coverage of large deals. Thus, including these 30 days could potentially confound our results by capturing
the large deal size effect documented earlier. Nonetheless, our findings remain qualitatively similar even if we
include articles up until the deal date.
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in the same industry are also more likely to perceive the startup as a competitor in the same
product space, which we provide more discussion in Section 5.2.2. As such, as a second
prediction of the signaling effect, we expect incumbent firms with existing climate solutions to
be more likely to respond to this signal because these firms possess complementary assets that
facilitate the commercialization of climate solutions. In contrast, under the competitive threat
channel, firms without existing climate solutions may be more likely to respond in order to
prepare for future market threats.

We follow the same approach as in Section 4.3 by including triple interaction terms with
these two types of incumbent firms. We manually match each startup’s PitchBook industry
code to at least one 4-digit GICS industry group based on the industry descriptions in
PitchBook (following the procedure detailed in Section 2.2.1), and create an indicator, Same
industry, that equals to one if the incumbent firm and the startup share the same 4-digit GICS
industry group code, and zero otherwise. Ezisting CS measure is a dummy variable equal to
one if the incumbent firm has at least one non-zero value of the CS measure in the four years
leading up to the event date, and zero otherwise.

Consistent with our expectations, column (1) of Panel A in Table 5 shows that in VC
rounds where similar incumbent firms operate in the same industry as the startup, there is a
more pronounced increase in their focus on climate solutions. To ensure this effect is not solely
driven by competition, column (2) demonstrates that similar incumbents with existing climate
solutions exhibit a more substantial increase in their focus on climate solutions, indicating
that the results are driven by those incumbents in a better position to capitalize on additional

market demand.
4.4.1.  Stock price reaction

As further corroborating evidence that the VC investments are events that provide information
to the market that reflects the commercial potential for climate solutions, we examine the
stock price reaction of firms that are more likely to benefit from this information. Given our
findings that similar incumbents operating in the same industry as the startup and those
with existing climate solutions exhibit stronger responses to VC investments, we hypothesize
that these firms are more likely to benefit from the higher commercial potential for climate
solutions. We assess how the shareholders of similar incumbent firms react to startups’ VC
financing rounds by analyzing the stock price changes around the deal date using a short-run
event study methodology (MacKinlay, 1997). Studying equity market reactions allows us

to infer shareholder expectations about the future benefits and costs associated with the
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responses of similar incumbent firms to these financing rounds.

We categorize the sample of similar incumbent firms across all VC financing rounds into
four groups based on two criteria: whether the incumbent firm operates in the same industry as
the startup and whether the incumbent firm has at least one non-zero value of the CS measure
in the four years leading up to the event date. We calculate the 5-day (—2,+2) and 11-day
(—5,+5) CARs around each deal date.” For benchmark returns, we estimate them using
either the market model based on the CRSP value-weighted index, the four-factor Carhart
(1997) model, or the 48 value-weighted industry return from Fama and French (1997).% We
drop all incumbent firm-event date observations if the firm is identified as a similar firm in
another round in the 30 days preceding and following the event date. This restriction ensures
that each event consists only of firms affected by that singular event, reducing the spillover
effects of stock price reactions to other nearby events.

Panel B of Table 5 presents the average CARs for each of the four groups of similar
incumbent firms. The ¢-statistics for the mean (reported in the parenthesis) are calculated
according to Boehmer, Musumeci, and Poulsen (1991) and account for event-induced changes
in volatility. The results in columns (1) to (3) indicate that for similar incumbent firms
operating in the same industry as the startup, those with prior climate solutions experience
significantly higher CARs relative to those without. The positive effect on shareholder wealth is
also economically meaningful. Given that the average market capitalization of the incumbents
in the same industry as the startup is approximately $7.16 billion, the average difference in the
(—5,45) CAR of 1.016% in column (3) using the market model translates to an estimated gain
of approximately $73 million (1.016% x $7.16 billion) over the 11-day window. These results
suggest that shareholders perceive similar incumbent firms with existing climate solutions and
operating in the same industry as startups receiving VC financing as more likely to benefit
from a greater commercial potential for climate solutions.

The results in columns (4) to (6) of Panel B of Table 5 portray a markedly different
outcome for similar incumbent firms operating in different industries. Specifically, column (6)
indicates that there are no statistically significant differences in the CARs between similar
incumbents with and without existing climate solutions. The economic magnitude of the
difference is also considerably smaller; for instance, the average difference in the (=5, +5) CAR

of 0.371% using the market model translates to a gain of only $23 million. These findings

28To mitigate the impact of outliers, we apply winsorization to all CARs at the 1st and 99th percentiles.

2970 estimate the benchmark model parameters for each firm-event date pair, we use 250 trading days of
return data, with the window ending 20 days before the event date. We require a minimum of 120 non-missing
observations within the estimation window.
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suggest that there are no differential effects on shareholder valuation for similar incumbents
with and without existing climate solutions when they operate in different industries from

startups receiving VC financing.
4.5.  Investment implications of incumbent firms’ response

Given that similar incumbent firms’ C'S measure increases in response to VC investment,
we examine whether such an increase translates to higher firm investments. However, the
relationship between incumbents’ CS measure and investments may be affected by endogeneity
bias due to unobservable omitted variables that affect both incumbents’ focus on climate
solutions and their investment decisions. For example, firms with a strategic focus on innovation
could be the same firms that focus more on climate solutions and, at the same time, make
more investments.

To explicitly address potential endogeneity issues, we conduct two-stage least squares (2SLS)
regressions using VC investment in climate-tech startups as an instrument for incumbents’ CS
measure. In the first stage, we regress CS measure on an instrument created based on the VC
investment shock. In the second stage, we regress proxies for firm investment on the predicted
value of CS measure. This approach ensures that we capture changes in firm investment driven
by exogenous variation in CS measure instrumented by VC investments.

We use a staggered two-way fixed effects DiD specification for the first stage. Unlike
stacked DiD, where we have to restrict the sample to create cohort-specific clean datasets,
we do not need to discard any observations in a staggered DiD design. This design allows
different incumbent firms to be treated at various points in time, allowing us to use the full
time-series variation in our panel dataset. We estimate the first stage using the following

firm-year panel regression with two-way fixed effects based on firm and year:

CS measure;; = o+ [ Top Similarivt_“ +vXi—1 + T+ pr iy, (5)

where 7 denotes firm and ¢ denotes year. The instrumental variable, Top Similar;, ,,, is a
dummy variable equal to one if the firm is identified as a similar firm of at least one startup
during VC financing rounds in the current year or in the previous four years, and zero otherwise.
X -1 includes the same control variables as in Equation (3). 7; and p; denote firm and year
fixed effects, respectively.

In the second stage, we consider three proxies for firm investment:*® 1) ACAPEX /Salesi’t +1

30We winsorize all three variables at the 1st and 99th percentiles to minimize the effect of outliers.
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is the change in capital expenditures scaled by sales in years ¢ + 1 to t; 2) AR@D/S&Z@SZ.J_H is
the change in research and development (R&D) expenses scaled by sales in years t + 1 to t;
and 3) ADiv. payout/AssetsM 41 18 the change in total dividend payout scaled by total assets
in years t + 1 to t. We regress these proxies on the predicted values of CS measure from the
first stage (CS@UTQ).

Column (1) of Table 6 present the results from estimating Equation (5). Consistent with
the baseline results using stacked DiD, the coefficient estimate of Top Similar;, ,., is positive
and statistically significant, confirming the relevance condition of the instrumental variable.
The p-value of the Cragg and Donald (1993) instrument relevance test is less than 0.001,
rejecting the null hypothesis that the instrument is weak. Columns (2) to (4) present the
results of the second stage. We find that an increase in instrumented CS measure leads to an
increase in incumbent firms’ change in capital expenditures and R&D expenses, both scaled by
sales. The estimated coefficients are also economically significant. For example, a one-standard
deviation increase in instrumented CS measure leads to an increase of 0.40 percentage points
in the change in R&D expenses scaled by sales, corresponding to roughly 7% of its sample
standard deviation. Column (4) shows that instrumented CS measure is negatively associated
with changes in dividend payout scaled by total assets. This result is consistent with the
view that incumbent firms with a higher CS measure reinvest funds internally towards capital

expenditures and/or R&D to fund additional investments rather than distributing them to

shareholders.
5. Additional analyses
5.1.  Instrumental variables approach

In this section, we examine alternative explanations for our results, focusing on concerns related
to endogeneity. One such concern is reverse causality, where changes in similar incumbent firms’
focus on climate solutions might influence the likelihood of climate-tech startups receiving VC
financing. However, this concern is partially alleviated, as pre-trends in incumbent firms’ CS
measure before VC financing rounds are not observed, as discussed in previous sections.
Similarly, a concern arises if a technological development, such as the discovery of materials
improving battery efficiency, or a policy change, such as the introduction of a subsidy for
battery manufacturing, leads to both the VC financing of the startup and incumbent firms’
focus on climate solutions. In such cases, the positive correlation between incumbent response

and VC financing may be due to a correlated omitted variable associated with technological
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or policy developments.

Our cross-sectional tests provide some comfort that these alternative explanations, while
they could still plausibly drive part of the documented associations, are unlikely to fully
explain the relationship between incumbent response and VC financing. To further address
these concerns, we employ two instruments: state-level capital gains taxes of VCs and
government grants to startups. These instruments influence the probability of startups
receiving VC financing but are unlikely to have a direct impact on incumbent firms’ focus on
climate solutions. We conduct a reduced-form analysis by leveraging the exogenous variation
introduced by these instruments to identify the causal impact of startups’ VC financing on

incumbent firms’ CS measure.
5.1.1.  State-level capital gains taxes of VCs

In the U.S., VC firms are structured as “pass-through entities,” implying that the firm itself
does not incur taxes; instead, profits are distributed to the general partners (GPs), who then
pay taxes as part of their individual tax returns.®’ Given that VC firms usually hold their
investments over the medium to long term, GPs incur capital gains taxes upon selling a capital
asset for a profit. Research shows that changes in taxes on capital gains can influence the
investment incentives of GPs, who are taxed as individuals. An increase in the tax rate on
capital gains decreases the return to GPs and therefore reduces their incentives to invest
(Lerner & Nanda, 2020), in which VC firms can respond by reducing the supply of capital to
startups (Keuschnigg & Nielsen, 2003, 2004).

Dimitrova and Eswar (2023) document that a reduction in state-level capital gains taxes
is associated with increased investment in startups by VC firms. Following their approach,
we employ changes in state-level capital gains tax rates as an instrument for startups’ VC
financing. Data on tax rates for long-term capital gains is obtained from the NBER TAXSIM
Data, and we use the maximum state tax rate on long-term gains (VC' state tazx) as the
instrumental variable.** To determine the applicable tax rate for VC firms, we follow the
literature and use the state in which the VC firm is headquartered (Heider & Ljungqvist,
2015), since the capital gains tax is based on the state of residence of the GPs, not the state
of incorporation of the VC firm. We assume that the state of residence for GPs corresponds

to the state where the VC firm is headquartered (Lerner, 1995).

3n the U.S., limited partners of VC firms are typically tax-exempt because they predominantly consist of
pension funds and foundations (Lerner & Nanda, 2020).

32Since the actual tax rate for an individual is endogenous, the maximum state tax rate serves as a preferable
instrument because it is exogenous to the labor supply and investment decisions of individuals.
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To validate the relevance condition, we conduct panel regressions at the VC investor-year
level to examine the impact of VC state taz on VC investments in startups. In columns (1) and
(2) of Panel A in Table 7, the dependent variable is a dummy variable equal to one if the VC
investor finances a climate-tech startup in a given year, and zero otherwise (VC' investment).
To facilitate economic interpretation, we standardize VC' state tax, ensuring a unit change
corresponds to a one standard deviation change. Employing the logit model in column (2),
we find that a one standard deviation reduction in state-level capital gains tax raises the
probability of VC financing for a climate-tech startup by 8.8 percentage points. This effect,
equivalent to about 20% of the standard deviation of the VC' investment, is economically
significant. In columns (3) and (4), we investigate the impact of VC' state taz on VC investors’
portfolio size. The results indicate that a decrease in VC state tax is associated with an
increase in both the number and total size of climate-tech startup deals financed by the VC
investor in a given year. Taken together, our findings document a negative correlation between
state-level capital gains taxes and VC investment in climate-tech startups, satisfying the
relevance requirement of instrumental variables.

We estimate a reduced-form of the baseline DiD specification outlined in Equation (3),
focusing only on climate-tech startup deals where at least one VC investor experiences a
decrease in state-level capital gains taxes during the financing round. Since it is unlikely
for state-level capital gains tax to influence incumbent firms’ focus on climate solutions,
this approach ensures that changes in incumbent firms’ CS measure are plausibly driven by
exogenous tax changes, thus meeting the exclusion condition of instrumental variables. Panel
B of Table 7 presents the results. The coefficients on Top Similar x Post are positive and
statistically significant, indicating that our main findings continue to hold after focusing on
startup deals coinciding with decreases in state-level capital gains taxes. These findings add

to the evidence of the causal impact of VC financing rounds on incumbent firms’ C'S measure.
5.1.2.  Government grants to startups

Research indicates that government grants allocated to startups can attract VC capital. For
example, Howell (2017) demonstrates that startups receiving government R&D grants are more
likely to receive subsequent VC investment and also experience an increase in the amount of
money raised and the number of deals because these grants help fund technology prototyping.
Similarly, Cornelli et al. (2023) find that receiving a government grant significantly boosts the
likelihood of raising VC capital in the following two years. These results imply that obtaining

a government grant serves as a suitable instrument for startups’ VC financing.
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To evaluate whether receiving government grants increases the likelihood of VC financing
in our sample of climate-tech startups, we conduct an event study at the startup-quarter
level. We estimate the effect of a startup j receiving a grant on the probability of securing

subsequent VC investment:

=48
VCjp = NGrants, + 1+ pi + €5, (6)
-

where j denotes startup and ¢ denotes year-quarter. V', is a dummy variable equal to one if
startup j has raised VC capital in year-quarter ¢, and zero otherwise. Gmntit is an indicator
for startup j receiving a government grant and is ¢ quarters from the grant award date. We
focus on an event window of eight quarters before to eight quarters after the grant award.
Event quarter £ = —1 is the omitted category. 7; and p; are startup and year-quarter fixed
effects, respectively.

Figure 5 displays estimates of A;. Prior to the grant award, there are no significant changes
in the probability of receiving VC investment. However, receiving a grant substantially raises
the probability of securing VC capital in the subsequent eight quarters. At the peak, the
unconditional probability of obtaining VC capital per quarter increases by approximately
3%, corresponding to about 15% of the standard deviation of VC';;. These results affirm the
relevance condition for using government grants as an instrument.

To leverage the exogenous variation in VC financing resulting from startups receiving
government grants, we estimate a reduced-form of the baseline DiD specification by focusing
solely on VC financing rounds where the startup obtained a government grant award in the
preceding eight quarters. Incumbent firms are unlikely to directly respond to government grants
because these grants are typically given to startups to fund the prototyping of technologies as a
proof-of-concept, which serves as a weak signal of their financial prospects. Thus, government
awards to startups likely meet the exclusion condition. The results are presented in Table 8.
The coefficients on Top Similar x Post are positive, statistically significant, and comparable
in magnitude to our baseline estimates in Table 3. Overall, our main findings remain robust
when we focus on subsamples of VC financing rounds driven by variation in instrumental

variables that are likely exogenous to incumbents’ response to climate solutions.
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5.2.  Alternative explanations
5.2.1.  Mergers and acquisitions

One alternative explanation for our findings is that the observed increase in the CS measure
could be due to incumbent firms acquiring climate-tech companies through mergers and
acquisitions (M&A). In this scenario, a related concern is reverse causality, wherein M&A
activity by incumbents could prompt VC investments in these startups. Another concern is
that these incumbent firms might engage in killer acquisitions, where they purchase innovative
startups with the intention of halting innovation projects to preempt future competition
(Cunningham et al., 2021). To investigate these possibilities, we analyze incumbent firms’
M&A activities involving startups before and after the VC deal dates. PitchBook provides
data on the acquirers of startups that exited through M&A. For each of the incumbent firms
in our sample, we use name matching to identify their involvement in the M&A of startups.*

In Figure 6, we conduct an event study analysis using the same specification as in Figure 4,
except we replace CS measure with M&A activities. In Panel A, the outcome variable is a
dummy variable that equals one if the incumbent firm acquires any startup (either climate-tech
or non-climate-tech) in a given year, and zero otherwise. In Panel B, the outcome variable is
a dummy variable that equals one if the incumbent firm acquires a climate-tech startup in a
given year, and zero otherwise. In both panels, the coefficients are not statistically significantly
different from zero in the years before or after VC financing rounds.

These findings alleviate concerns regarding reverse causality, as we do not detect significant
differences in incumbents’ acquisition of startups preceding VC financing rounds. Additionally,
we do not see any significant increase in climate-tech acquisitions for similar incumbents in
Panel B, which provides evidence against the killer acquisitions hypothesis and suggests that
the increase in the C'S measure is likely due to incumbent firms’ internal development of
climate solutions, rather than acquisitions of climate-tech startups. This interpretation is
consistent with the findings presented in Table 6, which demonstrate an increase in both
investment and research and development for that increase CS measure in response to the VC

signal.

33Specifically, we match each incumbent firm to the closest acquirer name through fuzzy matching in Stata.
To ensure accuracy, we manually verify any matches with a match score below 100, which represents a perfect
match.
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5.2.2.  Competitive threats

We examine an alternative interpretation that the observed response from similar incumbent
firms is driven by the competitive threat posed by VC investment in startups. While this
competitive threat channel is not mutually exclusive from the VC signal channel, our evidence
aligns more with the VC signal channel. Specifically, the previously documented positive
market reaction to VC investments in similar incumbent firms with existing climate solutions
in the same industry as the startup suggests that VC investments in climate-tech are perceived
more as a positive signal of market potential rather than as an increased competitive threat.
In this section, we present two additional tests to distinguish between the VC signal channel
and the competitive threat channel.

First, the competitive threat from early-stage startups is likely weak, whereas VC investment
in these early-stage startups remains a valuable signal for the commercial potential for climate
solutions. In Internet Appendix Table IA.2, we repeat our main analysis for the subset of
startups in Seed and Series A rounds, where the competitive threat is low. We continue to
find a positive and statistically significant coefficient on Top Similar x Post, which is more
consistent with the VC signal channel.

Second, the VC signal is likely more important when environmental regulatory uncertainty
is higher, whereas the competitive threat is likely lower or unchanged during these periods of
high uncertainty. We measure environmental regulatory uncertainty using log EnvPU, which is
based on the frequency of newspaper articles mentioning terms related to environmental policy
uncertainty, as described by Noailly et al. (2022). In Internet Appendix Table TA.3, columns
(1) and (2) report results for the subsamples where log EnvPU is below (“Low log EnvPU”) or
above (“High log EnvPU”) the median, respectively. The coefficient on Top Similar x Post
in the High log EnvPU subsample is approximately twice the magnitude of that in the Low
log EnvPU subsample, and the difference is statistically significant. Overall, these supporting

results provide corroborating evidence for the VC signal channel.
5.8.  Alternative dependent variable for climate solutions

As a robustness test, we repeat our main analysis using an alternative measure for a firm’s
focus on climate solutions using the firm-level climate change exposure measures developed by
Sautner et al. (2023). Their measure gauges the relative frequency with which bigrams related
to climate change occur in the transcripts of earnings conference calls (CCEzposure). Similar

exposure variables are created to capture opportunities (CCExposureOpp ), regulatory shocks
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(CCEzxposure”™®), and physical shocks (CCEzposure™) related to climate change.

In Panel A of Table 9, we use these firm-level exposure measures as the dependent variable
in Equation (3). Column (1) shows that the overall exposure of similar incumbent firms
to climate change increases following startups’ VC financing rounds. A breakdown of the
exposure into its three components reveals that this increased exposure is entirely due to
additional climate-related opportunities. Specifically, the positive and significant coefficient
on Top Similar x Post in column (2) implies that similar incumbent firms experience an
increase of 0.008 percentage points in climate-related opportunities in response to startups’ VC
financing rounds, corresponding to 8% of the standard deviation of CCEzposure®”?. Columns
(3) and (4) indicate that there are no significant effects on similar incumbent firms’ exposure
to regulatory and physical shocks related to climate change, respectively.

In Panel B of Table 9, we focus on opportunities related to climate change and examine
other metrics besides exposure. Column (1) shows that VC financing rounds do not affect the
uncertainties in climate-related opportunities for similar incumbent firms (CCRisk%P?). Rather,
these financing rounds induce an overall increase in the sentiment towards climate-related
opportunities (CCSentiment??), as shown in column (2). Specifically, column (3) documents
an increase in positive sentiment related to these opportunities (CCSentimentOpp’ Posy " while
column (4) shows there are no significant changes in negative sentiment (CCSentiment “PP: V9).
Overall, the results in this section, employing the climate-related opportunity measure from

Sautner et al. (2023), corroborate our primary findings.
5.4. Alternative empirical specifications
5.4.1. Alternative stacked DiD specifications

We implement several alternative specifications for our baseline DiD regression. First, since
not all incumbent firms may be involved in climate solutions, we restrict the sample of treated
and control incumbent firms by including only those that have at least one non-zero value of
CS measure during the event window. Second, to ensure that our results are not contingent on
a specific choice of the control sample, we adopt alternative definitions. In one approach, we
conduct a random one-to-one matching, where each treated firm in a given VC financing round
is randomly matched to a firm sharing the same 6-digit GICS industry code but outside the
top one percentile of similarity scores to serve as a control. The matched control firm cannot
be identified as a similar firm for any other rounds in the entire event window. In another

approach, we use different percentile cutoffs to define the pool of potential controls, such as
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the bottom 10, 30, and 40 percentiles of similarity scores. Internet Appendix Table TA.4 shows
the results of these alternative specifications. In all columns, the coefficients on Top Similar
x Post remain positive and statistically significant, indicating that our main results are not
driven by firms with no CS measure during the event window and are robust across different

control sample definitions.
5.4.2.  Propensity score matching

One possible concern is that treated and control observations may not be directly comparable
because they differ on other key dimensions. We use propensity score matching (PSM) to
account for systematic differences between treated and control observations. The propensity
score, p, is generated by estimating a logistic regression model, where the dependent variable
is a dummy variable equal to one if the firm-year observation belongs to the treated group,
and zero otherwise. The independent variables include all variables specified in the baseline
model described in Equation (3).

For each treated firm in a given VC financing round, we match it to a firm sharing the same
6-digit GICS industry code with the closest propensity score (without replacement) outside
the top one percentile of similarity scores to serve as a control (Roberts & Whited, 2013).
The matched control firm cannot be identified as a similar firm for any other rounds in the
entire event window. This matching procedure ensures that treated and control observations
have similar propensity scores, accounting for systematic differences between the two groups.
To assess the effectiveness of the matching procedure, Internet Appendix Table IA.5 shows
that there are no observable differences between treated and control observations after the
matching.

Using the matched sample, we re-estimate Equation (3), and the results are reported in
columns (1) and (2) of Internet Appendix Table IA.6. The PSM results confirm our core
finding that VC financing rounds prompt similar incumbent firms to increase their focus
on climate solutions, reducing concerns that systematic differences between the treated and
control groups drive our results.

Instead of discarding non-matched observations, an alternative approach is to incorporate
all observations using a weighted least squares procedure. This method assigns weights that
are inversely proportional to the probability of an observation being a treated or control unit.
Specifically, we follow the procedure in Caliendo and Kopeinig (2008), whereby firm-year
observations in the treated group receive a weight of 1/p, while those in the control group

receive a weight of 1/(1 — p). Intuitively, propensity score weighting assigns a lower weight
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to treated observations, which are “very different” (in terms of firm characteristics) from
control observations and similarly, gives a lower weight to control observations, which are
“very different” from treated observations. The results are presented in columns (3) and (4) of
Internet Appendix Table TA.6. As before, the analysis demonstrates that VC financing rounds
have a positive effect on similar incumbent firms’ C'S measure. Overall, the results in this
section suggest that the relationship between VC financing rounds and CS measure is unlikely

to be driven by selection bias.
5.4.3.  Heterogeneous treatment effects

There are also concerns that heterogeneous treatment effects could yield biased estimates in
DiD designs.** To address treatment effect heterogeneity, we estimate Equation (5) using
the DiD estimator developed by de Chaisemartin and D’Haultfoeuille (2020).>> The results,
presented in columns (1) and (2) of Table IA.7, show that our inferences continue to hold
after controlling for treatment effect heterogeneity. Furthermore, none of the individual pre-
trend estimators enter with statistically significant coefficients, and we fail to reject the null
hypothesis that all pre-trend estimators equal zero. These analyses do not detect pre-trends in

the four years before VC financing rounds after accounting for treatment effect heterogeneity.
6. Conclusion

Our study shows that VC investments in climate-tech startups can serve as a signal to validate
the commercial potential of climate solutions, leading incumbent firms to increase their focus
on climate solutions. We employ a novel measure of climate solutions, which is based on large
language models trained on the business descriptions in the 10-K filings of publicly listed
firms. Using stacked DiD, we find that incumbent firms operating in similar product markets
as climate-tech startups receiving VC financing significantly increase their focus on climate
solution products and services. In cross-sectional analysis, we observe that the increase is
more pronounced when the VC signal is stronger, such as in VC rounds with a larger deal
size, higher startup valuation, revenue-making startups, higher visibility, and when VCs are
high-performing and financially motivated.

In response to the VC signal, we find that incumbent firms more likely to benefit from the

34Heterogeneous treatment effects may occur because different subgroups of similar incumbent firms may
react differently to a given VC financing round (heterogeneous treatment effects across groups) or a similar
incumbent firm’s response to latter VC financing rounds may be influenced by its response to earlier rounds
(heterogeneous treatment effects across time).

35The de Chaisemartin and D’Haultfoeuille (2020) estimator is applicable in staggered DiD designs, as
opposed to stacked DiD designs.
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signal increase their focus on climate solutions. Specifically, the increase in climate solutions
is more pronounced for incumbent firms with pre-existing climate solutions and those in the
same industry as the startup. Consistent with the VC investment signaling larger commercial
potential for climate solutions, the stock price reactions around VC financing dates of similar
incumbent firms operating in the same industry as the startup exhibit significantly higher
CARs if they have prior climate solutions. Overall, our findings indicate that VC financing of
climate-tech startups signals business opportunities that drive incumbents’ focus on climate

solutions.
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Figure 1

Ranking of incumbent firms based on similarity scores.
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This figure shows how similarity scores vary across the 100 most similar incumbent firms to a given startup.
For each VC financing round of a given startup, we compute a similarity score to capture the degree of overlap
between the startup’s and the incumbent firm’s business descriptions. The horizontal axis is the rank of the
incumbent, with the first rank indicating the incumbent firm with the highest similarity score to a given
startup. In Panel A, the vertical axis is the average similarity score for a given rank across all VC financing
rounds. In Panel B, the vertical axis is the change in the average similarity score between two consecutive
ranks. The vertical dashed line represents the average cutoff rank for the top one percentile of similarity scores.
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Figure 2

Distribution of average similarity scores among similar incumbent firms.
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This figure shows the distribution of the average similarity scores between a startup and its top one percentile
most similar incumbent firms across all VC financing rounds.
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Figure 3
Placebo tests of stacked DiD estimates.
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This figure presents placebo tests of the analysis in column (4) of Table 3. We estimate 1,000 simulations of
the regression in column (4) of Table 3. In each simulation, we randomly assign Top Similar across incumbent
firms rather than using the actual definition of Top Similar. We collect each simulation’s estimated coefficient
on Top Similar x Post. We then plot the kernel density distribution of these estimated coefficients and the
corresponding p-values. The vertical dashed line is the coefficient on Top Similar x Post from column (4) of
Table 3. The horizontal dashed line represents the 10% significance level.
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Figure 4

Dynamic stacked DiD estimates.
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This figure plots the event study estimates and corresponding 95% confidence intervals according to the
specification in Equation (4). We focus on an event window of four years before to four years after VC financing
rounds. Event year { = —1 is the omitted category, implying that all coefficient estimates are relative to this
year. The dependent variable, CS measure, is the percentage of sentences identified as climate solutions to the
total number of sentences in a firm’s 10-K Item 1 Business Description.
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Figure 5

Effect of receiving a government grant award on the probability of raising VC capital.
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This figure plots the event study estimates and corresponding 95% confidence intervals according to the
specification in Equation (6). We focus on an event window of eight quarters before to eight quarters after the
grant award. Event quarter £ = —1 is the omitted category, implying that all coefficient estimates are relative
to this quarter. The dependent variable is a dummy variable equal to one if a startup has raised VC capital in
a given quarter, and zero otherwise.
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Figure 6

Dynamics of incumbent firms’ M&A activity.
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This figure plots the event study estimates and corresponding 95% confidence intervals for incumbents’ M&A
activity. The dependent variable in Panel A, M&A (all), is a dummy variable equal to one if the incumbent firm
acquires a startup in a given year, and zero otherwise. The dependent variable in Panel B, M&A (climate-tech),
is a dummy variable equal to one if the incumbent firm acquires a climate-tech startup in a given year, and
zero otherwise. In both panels, we focus on an event window of four years before to four years after VC
financing rounds. Event year £ = —1 is the omitted category, implying that all coefficient estimates are relative
to this year.
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Table 1

Sample description.

Panel A: Climate-tech startup deals by year

Number of deals Deal size ($M) Number of investors

per deal
Year (1) (2) (3)
2005 54 7.770 3.3
2006 84 15.688 3.7
2007 166 15.248 3.3
2008 216 17.649 3.0
2009 163 16.076 3.0
2010 203 18.086 3.2
2011 229 15.593 3.2
2012 213 17.513 3.5
2013 215 9.427 2.9
2014 219 11.522 4.2
2015 187 14.114 4.0
2016 218 20.557 3.7
2017 233 14.189 3.9
2018 290 22.937 4.2
2019 304 15.984 4.8
2020 389 25.469 4.8
2021 578 40.740 5.8
Panel B: Startups’ industry distribution
PitchBook industry sector Number of startups Percent
(1) Business Products and Services 595 31.04
(2) Consumer Products and Services 224 11.68
(3) Energy 492 25.67
(4) Financial Services 19 0.99
(5) Healthcare 31 1.62
(6) Information Technology 318 16.59
(7) Materials and Resources 238 12.42
Total 1,917 100.00
Panel C: Similar incumbent firms’ industry distribution
GICS industry sector Number of incumbents Percent
(10) Energy 189 15.76
(15) Materials 136 11.34
(20) Industrials 318 26.52
(25) Consumer discretionary 135 11.26
(30) Consumer staples 110 9.17
(45) Information technology 266 22.19
(55) Utilities 45 3.75
Total 1,199 100.00

This table provides the description of our sample over the period 2005-2021. Panel A summarizes all climate-
tech startup deals with VC financing by year. “Number of deals” is a count of all VC round-level investments
made in climate-tech startups each year. “Deal size ($M)” is the average size of the investment in millions
of dollars. “Number of investors per deal” is the average number of investors that take part in a round of
financing. Panel B presents the industry distribution of climate-tech startups based on PitchBook’s industry
sector. Panel C presents the industry distribution of similar incumbent firms based on GICS industry sector.
Within each VC financing round of a given startup, the set of similar incumbent firms are defined as those in
the top one percentile of similarity scores with respect to the startup.
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Table 2

Summary statistics of variables.

Variables N Mean Median P25 P75 Std. dev.

Dependent variables

CS measure 59,898 0.724 0.000 0.000 0.299  2.494
ACAPEX/Sales 21,142 -0.018 0.000 -0.009 0.009 0.167
ARED/Sales 21,142 -0.001 0.000 -0.000 0.001 0.062
ADiv. payout/Assets 19,683 0.000 0.000 -0.004 0.005 0.073
VC investment 24,626 0.230 0.000 0.000 0.000 0.421
Number of deals 24,626 0.365 0.000 0.000 0.000 0.977
Deal size 24,626 14.720 0.000 0.000 0.000 130.013
CCEzposure 40,071 0.105 0.049 0.019 0.113 0.192
CCExposure PP 40,071 0.029 0.000 0.000 0.022 0.095
CCEzposure® 40,071 0.005 0.000 0.000 0.000 0.018
CCEzposure™ 40,071 0.002  0.000 0.000 0.000 0.012
CCRisk°rP 40,071 0.001 0.000 0.000 0.000 0.008
CCSentiment PP 40,071 0.012 0.000 0.000 0.006 0.042

CCSentiment PP o 40,071 -0.005 0.000 0.000 0.000 0.023
CCSentiment OPP: Neg 40,071 0.007 0.000 0.000 0.000 0.034

Explanatory variables

Top Similari7c 59,898 0.161 0.000 0.000 0.000 0.368
Top Similar; ;4. 22,345 0.632 1.000 0.000 1.000 0.482
CS measure 22345 2184 2199 1.981 2.397 0.310
Deal/Premoney valuation 30,260 0.548 0.417 0.224 0.684 0.538
In(Post valuation) 30,282 3.216 3.102 2.303 3.993 1.378
Generating revenue 59,898 0.609 1.000 0.000 1.000 0.488
High CoC VC 32,039 0.109 0.000 0.000 0.000 0.311
Impact investor 59,898 0.308 0.000 0.000 1.000 0.462
New investors 28,663 0.737 0.800 0.500 1.000 0.270
Media 59,898 0.268 0.000 0.000 0.000 0.540
Same industry 59,898 0.358 0.000 0.000 1.000 0.479
Existing CS measure 59,898 0.263 0.000 0.000 1.000 0.440
VC state tax 24,626 1.681 1.504 1.080 2.902 1.000

Firm characteristics

Firm age 59,898 3.092 3.258 2.944 3.401 0.483
Firm size 99,898 6.223 5.986 4.441 7.723  2.278
Book-to-market 99,898 0.541 0.538 0.408 0.662 0.195
ROA 59,898 0.086 0.109 0.055 0.167 0.192
Leverage 59,898 0.182 0.122 0.011 0.278  0.197
Sales growth 59,898 0.151 0.050 -0.057 0.178  2.661
Cash 59,898 0.138 0.084 0.027 0.192 0.157
Momentum 99,898 1.125 1.041 0.820 1.304 0.745
Stock return 59,898 0.131 0.057 -0.200 0.308  0.728
Stock volatility 59,898 0.123 0.103 0.073 0.149 0.079
Market share 59,898 0.019 0.002 0.000 0.009 0.058
Fluidity 59,898 4.224 3.459 2.288 5412 2.731

This table reports summary statistics for the variables used in our analysis for the sample period from fiscal
year 2005 to 2021. Std. dev. displays the standard deviation, P25 the first and P75 the third quartile of the
respective variable. Variable definitions are presented in Table A.1 in Appendix A.
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Table 3

Baseline stacked DiD estimates.

Dep. variable: CS measure (1) (2) (3) (4)
Top Similar x Post 0.205"* 0.205™* 0.210"** 0.265"**
(4.06)  (4.10)  (4.03)  (4.70)
Firm age 0.090 0.224  0.363"
(0.50) (1.21)  (1.66)
Firm size 0.055  0.054 0.060
(1.05) (0.80) (0.94)
Book-to-market -0.030  0.027  0.187
(-0.19) (0.14) (1.24)
ROA -0.018  -0.080 -0.081
(-1.11) (-0.82) (-0.90)
Leverage -0.410™ -0.418™ -0.486"
(-2.23) (-2.10) (-2.21)
Sales growth 0.001  0.000 -0.001
(1.26) (1.22) (-0.25)
Cash 0.163 0.221 0.233
(0.74)  (0.95) (0.98)
Momentum 0.006  0.012
(0.52)  (0.93)
Stock return -0.042  -0.047
(-1.19) (-1.32)
Stock volatility 0.141  0.135
(0.57)  (0.58)
Market share -0.481
(-0.43)
Fluidity 0.008
(0.92)
Firm x Cohort F.E. Yes Yes Yes Yes
Year x Cohort F.E. Yes Yes Yes Yes
Observations 73,019 68,041 63,367 59,898
Adj R? 0.90 0.89 0.89 0.90

This table reports results from firm-level stacked DiD regressions examining the effect of climate-tech startup
deals on incumbent firms’ climate solutions measure. We focus on an event window of four years before to
four years after VC financing rounds. Within each VC financing round of a given startup, the set of similar
incumbent firms are defined as those in the top one percentile of similarity scores with respect to the startup.
An incumbent firm is treated in a given VC financing round if it is identified as a similar firm in that round and
not in any other rounds in the preceding four years. If a treated firm is classified as a similar firm in multiple
startup deals that occur in the same event year, we assign it to the deal where it has the highest similarity
score. An incumbent firm is a control in a given VC financing round if it is in the bottom 20 percentile of
similarity scores and is not identified as a similar firm for any other rounds in the entire event window. Control
firms are matched to the same 6-digit GICS industry code as the treated firms. The dependent variable, CS
measure, is the percentage of sentences identified as climate solutions to the total number of sentences in a
firm’s 10-K Item 1 Business Description. Top Similar is a dummy variable equal to one if the firm is treated,
and zero otherwise. Post is a dummy variable equal to one for the event year and subsequent four years, and
zero otherwise. For all specifications, standard errors are robust to heteroskedasticity and clustered at the
firm-level; t-statistics are reported in the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and
1% level, respectively. Variable definitions are presented in Table A.1 in Appendix A.
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Table 4

Heterogeneity across startup deals.

Dep. variable: CS measure

(1)

(2)

3)

(4)

(5)

(6)

(7)

Top Similar x Post 0.173*** 0.021 0.127*** 0.178"** 0.310"** -0.151 0.206™**

(3.28)  (0.22) (2.82) (3.16) (7.73) (-1.27)  (5.20)
Top Similar x Post x Deal/Premoney valuation 0.133"**

(2.83)
Top Similar x Post x In(Post valuation) 0.072™*

(2.45)
Top Similar x Post x Generating revenue 0.237***
(4.05)
Top Similar x Post x High CoC VC 0.310"**
(2.56)
Top Similar x Post x Impact investor -0.129**
(-2.29)
Top Similar x Post x New investors 0.499***
(3.26)
Top Similar x Post x Media 0.235"**
(3.10)

Controls Yes Yes Yes Yes Yes Yes Yes
Firm x Cohort F.E. Yes Yes Yes Yes Yes Yes Yes
Year x Cohort F.E. Yes Yes Yes Yes Yes Yes Yes
Observations 30,260 30,282 59,898 32,039 59898 28,663 59,898
Adj R? 0.92 0.92 0.91 0.92 0.90 0.92 0.91

This table reports results from firm-level stacked DiD regressions examining the cross-sectional heterogeneity
across startup deals. The dependent variable, CS measure, is the percentage of sentences identified as climate
solutions to the total number of sentences in a firm’s 10-K Item 1 Business Description. Top Similar is a
dummy variable equal to one if the firm is treated, and zero otherwise. Post is a dummy variable equal to one
for the event year and subsequent four years, and zero otherwise. Deal/Premoney valuation is the ratio of the
total amount of capital invested in the startup in the round to the pre-money valuation of the startup. In(Post
valuation) is the natural logarithm of the post valuation of the startup. Generating revenue is a dummy
variable equal to one if the startup’s business status is classified as “Generating Revenue” or “Profitable”,
and zero otherwise. High CoC V(' is a dummy variable equal to one if the average cash-on-cash multiple in
the four years before the deal date across all VC investors in the syndicate is above the median and at least
one VC investor in the syndicate has investment funds where “Climate Tech” or “CleanTech” is a preferred
investment vertical according to Pitchbook, and zero otherwise. Impact investor is a dummy variable equal to
one if at least one of the investors participating in the VC financing round is classified as an impact investor
by PitchBook, and zero otherwise. New investors is the number of new investors that participated in the
VC financing round for the startup as a proportion of the total number of investors in the round. A new
investor is someone who invests in a startup for the first time and has not participated in any prior round of
financing for the same startup. We exclude seed rounds when calculating New investors. Media is the natural
logarithm of one plus the total number of news articles featuring the startup from four years prior to the event
date to 30 days before the event date. Control variables include Firm age, Firm size, Book-to-market, ROA,
Leverage, Sales growth, Cash, Momentum, Stock return, Stock volatility, Market share, and Fluidity. For all
specifications, standard errors are robust to heteroskedasticity and clustered at the firm-level; ¢-statistics are
reported in the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and 1% level, respectively.
Variable definitions are presented in Table A.1 in Appendix A.
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Table 5

Incumbents’ response and stock price reaction split by industry and existing climate solutions.

Panel A: Incumbents’ response

Dep. variable: CS measure (1) (2)
Top Similar x Post 0.203*** 0.144***
(5.31) (2.57)
Top Similar x Post x Same industry 0.143**
(2.20)
Top Similar X Post x Existing CS measure 0.268***
(2.67)
Controls Yes Yes
Firm x Cohort F.E. Yes Yes
Year x Cohort F.E. Yes Yes
Observations 59,898 59,898
Adj R? 0.91 0.90

Panel B: Stock price reaction of similar incumbents

Same industry Different industry
FExisting No Ezisting Difference: Existing No Ezisting Difference:
CS measure CS measure (1) — (2) CS measure CS measure (4) — (5)
(N =1,124) (N =1,378) (N = 2,822) (N =5,516)
1) (2) (3) (4) (5) (6)
Market model
(—-2,42) 0.392** -0.139 0.532** 0.174 0.163 0.011
(2.11) (-0.83) (2.15) (1.48) (1.11) (0.06)
(=5,45) 0.507* -0.509* 1.016** 0.423* 0.053 0.371
(1.76) (-1.81) (2.54) (1.92) (0.27) (1.26)
Four-factor model
(—-2,42) 0.322* -0.190 0.512** 0.131 0.137 -0.007
(1.79) (-1.12) (2.10) (1.12) (0.94) (-0.04)
(=5,45) 0.606** -0.467 1.073*** 0.243 -0.080 0.322
(2.11) (-1.63) (2.65) (1.10) (-0.42) (1.10)
Industry model
(—2,42) 0.384** -0.156 0.540** 0.180 0.188 -0.007
(2.06) (-0.93) (2.17) (1.54) (1.27) (-0.04)
(=5,4+5) 0.555* -0.507* 1.062*** 0.406* 0.080 0.327
(1.92) (-1.79) (2.65) (1.85) (0.41) (1.11)

This table examines incumbents’ response to VC financing rounds and their stock price reaction to these
events conditional on whether the incumbent operates in the same industry as the startup and whether
the incumbent has existing climate solutions. In Panel A, we estimate firm-level stacked DiD regressions
by including additional triple interaction terms. The dependent variable, C'S measure, is the percentage of
sentences identified as climate solutions to the total number of sentences in a firm’s 10-K Item 1 Business
Description. Top Similar is a dummy variable equal to one if the firm is treated, and zero otherwise. Post is a
dummy variable equal to one for the event year and subsequent four years, and zero otherwise. Same industry
is a dummy variable equal to one if the incumbent firm and the startup share the same 4-digit GICS industry
group code, and zero otherwise. We manually match each startup’s PitchBook industry code to at least one
4-digit GICS industry group based on the descriptions provided by the respective industry taxonomy. Ezisting
CS measure is a dummy variable equal to one if the incumbent firm has at least one non-zero value of CS
measure in the four years leading up to the event date, and zero otherwise. In Panel B, we report the mean
CARs (in %) of similar incumbent firms around VC financing dates split based on Same industry and Existing
CS measure. We consider event windows of 5 (—2,+2) and 11 (—5,+5) days. If an incumbent firm is classified
as a similar firm in multiple startup deals that occur in the same event year, we assign it to the deal where it
has the highest similarity score. We drop all incumbent firm—event date observations if the firm is identified as
a similar firm in another round in the 30 days preceding and following the event date. CARs are risk adjusted
using the market model, Carhart’s (1997) four-factor model, and Fama and French’s (1997) 48 value-weighted
industry return. The ¢-statistics for the mean (reported in the parenthesis) account for event-induced changes
in volatility and are calculated according to Boehmer et al. (1991). * ** and *** indicate significance at the
10%, 5%, and 1% level, respectively. Variable definitions are presented in Table A.1 in Appendix A.
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Table 6

Climate solutions and firm investments.

First stage Second stage
Dep. variable: CS measure;;  ACAPEX/Sales, , , AR&D/Sales; ,,, ADiv. payout/Assets,
(1) (2) (3) (4)
Top Similar; ; 4., 0.176***
(3.07)
CS measure; , 0.038* 0.013"* -0.017*
(1.87) (1.97) (-1.84)
Firm age -0.285 0.064*** 0.001 0.006
(-1.11) (4.18) (0.11) (1.04)
Firm size 0.145* -0.032*** 0.000 0.015***
(1.84) (-5.21) (0.17) (5.16)
Book-to-market -0.032 -0.006 0.012 0.045***
(-0.16) (-0.26) (1.45) (4.99)
ROA -0.015 0.088*** 0.042** 0.023***
(-0.83) (3.40) (2.53) (9.44)
Leverage -0.445™* -0.006 0.005 -0.025"**
(-2.20) (-0.31) (0.80) (-2.63)
Sales growth 0.005 0.004** 0.003*** 0.001
(1.40) (2.79) (10.01) (1.10)
Cash -0.081 0.050* 0.010 0.076***
(-0.29) (2.12) (0.76) (5.77)
Momentum 0.013 -0.001 0.000 0.002
(0.42) (-0.28) (0.00) (1.61)
Stock return -0.080** 0.010™** 0.003* 0.001
(-2.40) (2.95) (1.71) (0.47)
Stock volatility 0.286 0.018 0.006 0.013
(0.79) (0.47) (0.38) (0.88)
Market share 0.062 0.133** -0.008 -0.029
(0.09) (2.49) (-0.61) (0.91)
Fluidity -0.015 0.000 0.001 -0.001**
(-1.20) (0.19) (1.50) (-2.46)
Cragg-Donald test (p-value < 0.001)
Firm F.E. Yes Yes Yes Yes
Year F.E. Yes Yes Yes Yes
Observations 22,345 21,142 21,142 19,683
Adj R? 0.93 0.14 0.07 0.10

This table reports results from 2SLS regressions examining the relationship between incumbent firms’ CS
measure and investments. The unit of observation is an incumbent firm—year. Within each VC financing
round of a given startup, the set of similar incumbent firms are defined as those in the top one percentile of
similarity scores with respect to the startup. Column (1) estimates the first stage staggered DiD regression in
Equation (5) using standard two-way fixed effects. The dependent variable, CS measure, is the percentage of
sentences identified as climate solutions to the total number of sentences in a firm’s 10-K Item 1 Business
Description. Top Similar; ;_,., is a dummy variable equal to one if the firm is identified as a similar firm of
at least one startup during VC financing rounds in the current year or in the previous four years, and zero
otherwise. Columns (2) to (4) regress proxies for firm investment on the predicted values of CS measure from
the first stage (C’S@ure). ACAPEX/Sales, ., is the change in capital expenditures scaled by sales in
years t + 1 to t. AR@D/Salesu 41 is the change in research and development expenses scaled by sales in years
t+1tot. ADiv. payout/Assetsu 41 s the change in total dividend payout scaled by total assets in years ¢ + 1
to t. For all specifications, standard errors are robust to heteroskedasticity and clustered at the firm-level,
t-statistics are reported in the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and 1% level,
respectively. Variable definitions are presented in Table A.1 in Appendix A.
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Table 7

Changes in state-level capital gains taxes.

Panel A: State-level capital gains taxes and VC investments

Dep. variable: VC investment In(1 + Number of deals) In(1+ Deal size)
LPM Logit
(1) (2) (3) (4)
VC state tax -0.053** -0.374™ -0.059** -0.133**
(-2.55) (-2.55) (-2.55) (-2.10)
VC investor F.E. Yes Yes Yes Yes
Year F.E. Yes Yes Yes Yes
Observations 24,626 24,212 24,626 24,626
Adj R? 0.14 0.02 0.25 0.21
Panel B: Startup deals coinciding with decreases in state-level capital gains tazxes
Dep. variable: CS measure (1) (2)
Top Similar x Post 0.181** 0.237***
(2.13) (2.71)
Controls No Yes
Firm x Cohort F.E. Yes Yes
Year x Cohort F.E. Yes Yes
Observations 17,140 13,944
Adj R? 0.92 0.93

This table reports results from firm-level stacked DiD regressions using VC financing rounds that coincide
with changes in state-level capital gains taxes. In Panel A, the unit of observation is a VC investor—year.
VC state tax is the maximum state-level long-term capital gains tax rate in the headquarter state of the
VC investor. We normalize VC state tax so that a unit change corresponds to a one standard deviation
change. The dependent variable in columns (1) and (2) is a dummy variable equal to one if the VC investor
finances a climate-tech startup in a given year, and zero otherwise (VC investment). Column (1) uses a linear
probability model and column (2) uses a logit model. The dependent variables in columns (3) and (4) are
the natural logarithm of one plus the total number of climate-tech startups that the VC investor finances in
a given year (In(1 + Number of deals)) and the natural logarithm of one plus the total size of climate-tech
startup deals that the VC investor finances in a given year (In(1 + Deal size)), respectively. In Panel B, we
estimate firm-level stacked DiD regressions focusing only on climate-tech startup deals where at least one VC
investor experiences a decrease in VC state tax during the round. The dependent variable, CS measure, is
the percentage of sentences identified as climate solutions to the total number of sentences in a firm’s 10-K
Item 1 Business Description. Top Similar is a dummy variable equal to one if the firm is treated, and zero
otherwise. Post is a dummy variable equal to one for the event year and subsequent four years, and zero
otherwise. Control variables include Firm age, Firm size, Book-to-market, ROA, Leverage, Sales growth, Cash,
Momentum, Stock return, Stock volatility, Market share, and Fluidity. For all specifications, standard errors
are robust to heteroskedasticity and clustered at the state-level in Panel A and at the firm-level in Panel B;
t-statistics are reported in the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and 1% level,
respectively. Variable definitions are presented in Table A.1 in Appendix A.
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Table 8

Sample of startups that receive government grant awards.

Dep. variable: CS measure (1) (2)
Top Similar x Post 0.207** 0.282***
(2.07) (2.57)
Controls No Yes
Firm x Cohort F.E. Yes Yes
Year x Cohort F.E. Yes Yes
Observations 15,315 12,557
Adj R? 0.91 0.90

This table reports results from firm-level stacked DiD regressions using the sample of startups that receive
government grant awards. Specifically, we focus only on VC financing rounds where the startup has received
a government grant award in the preceding eight quarters. The dependent variable, CS measure, is the
percentage of sentences identified as climate solutions to the total number of sentences in a firm’s 10-K Item 1
Business Description. Top Similar is a dummy variable equal to one if the firm is treated, and zero otherwise.
Post is a dummy variable equal to one for the event year and subsequent four years, and zero otherwise.
Control variables include Firm age, Firm size, Book-to-market, ROA, Leverage, Sales growth, Cash, Momentum,
Stock return, Stock volatility, Market share, and Fluidity. For all specifications, standard errors are robust to
heteroskedasticity and clustered at the firm-level; ¢-statistics are reported in the parenthesis. *  ** and ***
indicate significance at the 10%, 5%, and 1% level, respectively. Variable definitions are presented in Table A.1
in Appendix A.
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Table 9

Validation using Sautner et al.’s (2023) measure.

Panel A: Ezposure measures

Dep. variable: CCEzposure CCEzxposure PP CCEzxposure™™ CCEzxposure™
(1) (2) (3) (4)
Top Similar x Post 0.010** 0.008*** -0.000 -0.000
(2.36) (3.07) (-0.49) (-0.47)
Controls Yes Yes Yes Yes
Firm x Cohort F.E. Yes Yes Yes Yes
Year x Cohort F.E. Yes Yes Yes Yes
Observations 39,148 39,148 39,148 39,148
Adj R? 0.80 0.78 0.44 0.51
Panel B: Opportunity measures
Dep. variable: CCRisk PP CCSentiment®P?  CCSentiment PP o5 CCSentiment PP Ned
(1) (2) (3) (4)
Top Similar x Post 0.001 0.007*** 0.007*** -0.000
(1.44) (3.90) (3.88) (-0.77)
Controls Yes Yes Yes Yes
Firm x Cohort F.E. Yes Yes Yes Yes
Year x Cohort F.E. Yes Yes Yes Yes
Observations 39,148 39,148 39,148 39,148
Adj R? 0.38 0.40 0.59 0.59

This table reports results from firm-level stacked DiD regressions using Sautner et al.’s (2023) measures.
In Panel A, the dependent variables are Sautner et al.’s (2023) firm-level exposure measures related to
climate change (CCEzposure), opportunity (CCEzposure®PP), regulatory (CCEzposure®9), and physical
(CCExposureP hy) shocks. In Panel B, the dependent variables are Sautner et al.’s (2023) firm-level measures of
the risk (CCRisk©PP), overall sentiment (CCSentiment®PP), positive sentiment (CCSentiment“PP: £°%) and
negative sentiment (C’C’Sentimentom’ » Neg) related to opportunity shocks. Top Similar is a dummy variable
equal to one if the firm is treated, and zero otherwise. Post is a dummy variable equal to one for the event year
and subsequent four years, and zero otherwise. Control variables include Firm age, Firm size, Book-to-market,
ROA, Leverage, Sales growth, Cash, Momentum, Stock return, Stock volatility, Market share, and Fluidity. For
all specifications, standard errors are robust to heteroskedasticity and clustered at the firm-level; ¢-statistics
are reported in the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and 1% level, respectively.
Variable definitions are presented in Table A.1 in Appendix A.
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Appendix A: Variable definitions

Table A.1

Variable definitions.

Variable

Definitions

Data source

CS measure
ACAPEX/Sales, ;4
ARED/Sales; ;4

A Div. payout/Assetsi7t+1
VC investment

Number of deals

Deal size

CCEzposure
CCEzposure PP
CCEzposure™®
CCEzposure’™™
CCRisk©P?
CCSentiment PP
CCSentiment©rr Pos

CCSentimentOrr: Neg

Top Similar; .

Top Similar; ;_ 4.,
Deal/Premoney valuation

In(Post valuation)
Generating revenue

High CoC VC

Impact investor

New investors

Media

The percentage of sentences identified as climate solutions to the total
number of sentences in a firm’s 10-K Item 1 Business Description.

The change in capital expenditures scaled by sales (capz/sale) in years
t+1tot.

The change in research and development expenses scaled by sales
(zrd/sale) in years t + 1 to t.

The change in total dividend payout scaled by total assets (dvt/at) in
years t + 1 to t.

A dummy variable equal to one if the VC investor finances a climate-tech
startup in a given year, and zero otherwise.

The total number of climate-tech startups that the VC investor finances
in a given year.

The total size of climate-tech startup deals that the VC investor finances
in a given year.

Sautner et al.’s (2023) firm-level climate change exposure measure.
Sautner et al.’s (2023) firm-level opportunity exposure measure.
Sautner et al.’s (2023) firm-level regulatory exposure measure.

Sautner et al.’s (2023)

Sautner et al.’s (2023) fi

shocks.

Sautner et al.’s (2023) firm-level measure of the overall sentiment related
to opportunity shocks.

Sautner et al.’s (2023) firm-level measure of the positive sentiment related
to opportunity shocks.

Sautner et al.’s (2023) firm-level measure of the negative sentiment
related to opportunity shocks.

A dummy variable equal to one if the incumbent firm is treated, and zero
otherwise. Within each VC financing round of a given startup, the set
of similar incumbent firms are defined as those in the top one percentile
of similarity scores with respect to the startup. An incumbent firm 7 is
treated in a given VC financing round c if it is identified as a similar
firm in that round and not in any other rounds in the preceding four
years. An incumbent firm is a control in a given VC financing round if it
is in the bottom 20 percentile of similarity scores and is not identified as
a similar firm for any other rounds in the entire event window. Control
firms are matched to the same 6-digit GICS industry code as the treated
firms.

A dummy variable equal to one if a firm ¢ is identified as a similar firm
of at least one startup during VC financing rounds in the current year ¢
or in the previous four years (t — 4 to t — 1), and zero otherwise.

The ratio of the total amount of capital invested in the startup in the
round to the pre-money valuation of the startup.

The natural logarithm of the post valuation of the startup.

A dummy variable equal to one if the startup’s business status is classified
as “Generating Revenue” or “Profitable”, and zero otherwise.

A dummy variable equal to one if the average cash-on-cash multiple in
the four years before the deal date across all VC investors in the syndicate
is above the median and at least one VC investor in the syndicate has
investment funds where “Climate Tech” or “CleanTech” is a preferred
investment vertical according to Pitchbook, and zero otherwise.

A dummy variable equal to one if at least one of the investors participating
in the VC financing round is classified as an impact investor by PitchBook,
and zero otherwise.

The number of new investors that participated in the VC financing round
for the startup as a proportion of the total number of investors in the
round. A new investor is someone who invests in a startup for the first
time and has not participated in any prior round of financing for the
same startup. We exclude seed rounds when calculating this variable.
The natural logarithm of one plus the total number of news articles
featuring the startup from four years prior to the event date to 30 days
before the event date.

firm-level physical exposure measure.
rm-level measure of the risk related to opportunity

10-K filings
Compustat
Compustat
Compustat
PitchBook
PitchBook
PitchBook

Sautner et al.
Sautner
Sautner
Sautner
Sautner

et al.
et al.
et al.
et al.

Sautner et al.

Sautner et al.

Sautner et al.

PitchBook; 10-K filings

PitchBook; 10-K filings

PitchBook

PitchBook
PitchBook

PitchBook

PitchBook

PitchBook

PitchBook

(2023)
(2023)

(2023)
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Table A.1 continued

Variable

Definitions

Data source

Same industry

Ezisting CS measure

VC state tax

Firm age

Firm size

Book-to-market

ROA
Leverage
Sales growth

Cash
Momentum

Stock return
Stock volatility
Market share

Fluidity

A dummy variable equal to one if the incumbent firm and the startup
share the same 4-digit GICS industry group code, and zero otherwise.
We manually match each startup’s PitchBook industry code to at least
one 4-digit GICS industry group based on the descriptions provided by
the respective industry taxonomy.

A dummy variable equal to one if the incumbent firm has at least one
non-zero value of CS measure in the four years leading up to the deal
date of the VC financing round, and zero otherwise.

The maximum state-level long-term capital gains tax rate in the head-
quarter state of the VC investor. This variable is normalized so that a
unit change corresponds to a one standard deviation change.

The logarithm of one plus the firm’s age, defined as the time between
year ¢t and the year in which the firm is first recorded in the CRSP stock
database.

The logarithm of one plus the book value of assets (at).

The logarithm of one plus the book-to-market ratio (at/(at — ceq +
pree-f X csho)).

Net income divided by total assets (ni/at).

Total liabilities divided by total assets ((dltt 4 dlc)/at).

Current fiscal year sales divided by previous fiscal year sales minus one
(salet/saler—1 — 1).

Cash divided by total assets (che/at).

Cumulative 12-month return of a stock, excluding the immediate past
month.

The annual stock return of the firm.

The standard deviation of stock returns over the past 12 months.

A given firm’s sales divided by the total sales of all listed firms in the
same SIC2 industry.

The product market fluidity measure constructed by Hoberg et al. (2014).
A higher value is associated with a more significant competitive threat
for the firm.

PitchBook

10-K filings
NBER TAXSIM
CRSP
Compustat
Compustat
Compustat
Compustat
Compustat

Compustat
CRSP

CRSP
CRSP
Compustat

Hoberg et al. (2014)
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Appendix B: CS measure creation

To measure incumbent firms’ focus on climate solution products and services, we use measures
created by fine-tuning an OpenAl GPT model to identify sentences that relate to climate
solutions in 10-K Item 1’s text on business description. Below, we provide a summary of the
methodology to create the climate solutions measure based on Lu et al. (2024).

B.1.  Sample and data

We start with the universe of firms that report SEC 10-K filing in the EDGAR database from
fiscal year 2005 to 2021. Our sample period begins in 2005 when the structure of 10-K is more
stable. Starting 2005, the SEC requires firms to disclose the most significant risks in Item 1A
(Securities Offering Reform, Item 503(c) of Regulation S-K).

Following Hoberg and Phillips (2016), we use the WRDS-CIK linking tables to map the
CIK in 10-K filings to GVKEY in Compustat. This linking table allows us to match firms
in Compustat to its historical CIK that could be different from the latest CIK due to firm
name and structure changes (e.g., merger and acquisition, spin-offs, and bankruptcies). For
example, General Motors filed for bankruptcy in 2009 and received a new CIK following that
year. We are able to assign both CIK before and after the bankruptcy to the same GVKEY.
We keep firm-year observations that are matched to Compustat as the majority of the firms
not matched are funds, which we exclude together with financial institutions since we focus
on climate solution products and services, but not the financing of them.

We then use the Extractor API (Python) from the SEC API to retrieve the raw text of
the Item 1 business description section of the 10-K filings. This process resulted in the loss of
around 1% of observations where the API was not able to identify Item 1 or that the identified
Item 1 contained fewer than 100 words.

To allow more accurate modeling of climate solutions sentences with sufficient labeling
samples, we focus on 13 (out of 25) GICS industry groups that are central to climate solutions:
Energy, Materials, Capital Goods, Transportation, Automobiles & Components, Consumer
Durables & Apparel, Food Beverage & Tobacco, Household & Personal Products, Technology
Hardware & Equipment, Semiconductors & Semiconductor Equipment, Utilities, Equity Real
Estate Investment Trusts (REITs), Real Estate Management & Development.

B.2.  Climate solutions definition and labeling

We define climate solutions as products and services that develop or deploy new technologies
in a transition to a low-carbon economy. We identify climate solution technologies based on
guidance from Project Drawdown. Project Drawdown contains a list of technologies that can
reduce greenhouse gases in the atmosphere, and are compiled by a network of scientists and
researchers.

While Project Drawdown provides guidance on what decarbonization technology is con-
sidered a climate solution, when we label sentences, we need to decide for which firms the
climate solution is a relevant product or service. Consider the following example with three
companies involved in the climate solution technology of sustainable aviation fuel (SAF): an
energy producer provides SAF to airlines to reduce its emissions and the airline sells flight
tickets with lower carbon footprint to a consulting firm. We consider SAF a relevant climate
solution for the energy producer since it is the developer of the technology. We also consider
SAF a relevant climate solution for the airline since it deploys the technology. However, we
do not consider SAF a relevant climate solution for the consulting firm since it engages in
business as usual and neither develops nor deploys the climate solution technology.

Based on this definition of climate solutions, we label 3,508 sentences into climate solution
sentences or not. These sentences constitute the training set for fine-tuning our GPT climate
solutions model, and are chosen through two steps. In the first step, we select 100 sentences
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from each of the 13 industry groups based on sentences most confusing to the model using a
one-shot BART model from Setfit. We apply the one-shot BART model to predict whether a
sentence is a climate solution sentence based on its alignment with Project Drawdown’s list of
climate solutions. By using a BART model instead of randomly selecting sentences, we also
ensure a better balance between positive and negative sentences. These chosen sentences go
through a labeling process, which we describe in more detail below.

As a second step, we conduct an iterative process to add sentences to the training set
through an active learning approach. The reason is that we identify common types of sentences
that our model struggles to identify (e.g., sentences considering climate regulations), and
hence we include additional sentences on these confusing areas to further enhance the model.
By focusing on instances where the model’s prediction is uncertain, active learning seeks to
minimize the amount of required training data, thereby reducing costs and improving the
model’s accuracy and generalization capabilities.

We use ClimateBERT (Webersinke, Kraus, Bingler, & Leippold, 2022) as the base model
to perform active learning. ClimateBERT returns a logit, which can be transformed back to
probabilities using a logistic function. Based on this output, we conduct the following iterative
process:

1. Fine-tune the model with the data.

2. Choose a decision boundary, which was guaranteed the highest F1 score.

3. Carefully examine the sentences whose predictions were close to the decision boundary.
4. Use these to guide the addition of new sentences into the dataset.

We underwent 8 rounds of active learning and generating training sets, as listed below.
For each round, we identify the types of sentences causing confusion to the model and add
around 200-300 sentences to the training set.

1. Sentences that contain “battery” or “electric” but are not related to climate solutions,
such as those containing electric toothbrushes.

2. Sentences that describe climate policies or regulations faced by the firm, which does not
mean the firm has products or services on climate solutions.

3. Sentences associated with buying carbon credits (e.g., renewable energy credits), but
not the creation of carbon credits.

4. Sentences in the building or construction industry that likely needed more examples to
properly inform the classifier’s decision boundary, specifically when it relates to green
buildings and LEED certifications.

5. Sentences containing ethanol, as the model initially does not consider all mentions of
ethanol production as climate solutions.

6. Sentences where the prefix ‘bio’ was present, where the model initially classifies as
climate solutions but many are not, such as BiOmega-3.

7. Sentences containing generic agricultural products are sometimes misclassified as climate
solutions. Among agriculture-related sentences, those related to nutrient management
and plant-based protein are climate solutions.
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8. Sentences containing supporting products to other climate solutions are sometimes
not classified as climate solutions. For example, products that enable existing cars to
transition to a less carbon-intensive fuel.

This process results in a final training set of 3,508 sentences. The size of our dataset is
benchmarked to Stammbach, Webersinke, Bingler, Kraus, and Leippold (2023), where they
annotated 3000 sentences to fine-tune a transformer model for climate claim detection.

For our annotation procedure, we implement the following general rules referencing We-
bersinke et al. (2022). The annotators have to label sentences related to climate solutions.
Annotators were asked to apply common sense, e.g., when a given sentence might not provide
all the context, but the context might seem obvious. Moreover, annotators were informed
that each annotation should be a 0-1 decision. Hence, if an annotator was 70% certain, then
this was rounded up to 100%. We asked, on average, three researchers to annotate the same
tasks to obtain some measure of dispersion. In case of a close verdict or a tie between the
annotators, the sentence is discussed in depth before reaching an agreement.

From the labeling effort, there were a few common themes that came up frequently, which
merited some discussion. We hope that these examples make clear some of the choices that
were made during these discussions. We exclude certain mentions of climate solutions when
the related decarbonization is not directly related to the firm. Specifically, we exclude products
created using electricity from renewable energy in the production process, or using carbon
credits to offset emissions. The reason is that these methods of decarbonization do not
constitute climate innovations for the firm that produces the product. For example, this would
exclude Apple’s carbon-neutral watch, and exclude a firm that labels its products low-carbon
or carbon-free when the production process uses renewable energy. In contrast, renewable
energy is considered a climate solution for the utility provider. We exclude mentions of energy
efficiency in the production process unless it relates to a specific climate solutions technology
and is part of the product or service (e.g., smart thermostats used in green building or green
leases).

B.3.  Applying the GPT model

We use the labeled data to fine-tune the GPT-3.5-turbo-1106, a model in the GPT-3.5-
turbo family. The choice of using a GPT-3.5 model is a balance between cost efficiency and
performance, where it yields higher accuracy rates than models based on lexicon or BERT
(Bidirectional Encoder Representations from Transformers) and has lower cost relative to a
GPT-4 model (Webersinke et al., 2022). Our prompt, displayed below, asks GPT to identify
sentences that relate to climate solutions. The model was fine-tuned for three epochs and
was evaluated using a 5-fold cross-validation. The final GPT model achieves an accuracy rate
of 84.09% and an F1 score of 0.795, indicating a high level of precision and reliability in its
predictions.

GPT finetuning prompt

system_message = You are a chatbot with expertise in

environmental regulations and climate change mitigation
strategies. Your function is to meticulously analyze

sections of regulatory documents, 10k filings, to
identify the presence of proposed climate solutions.
Based on the guidelines, assess whether the company is
implementing specific technologies or practices
contributing to a low-carbon economy. Look for whether
there is a clear indication of the companys
investment or future investment in climate solutions or
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the sentence implies a reduction in carbon emissions
through the companys products or services. Generic,
vague or general statements about climate change should
be classified as no.

A challenge with utilizing GPT model is its non-deterministic behavior. To reduce
variability in predictions, we set the temperature hyper-parameter to 0.1. To evaluate the
impact of this non-determinism, we compare the outcome variations among the five runs. The
maximum discrepancy observed between any two runs was six rows (0.17% of all rows in the
training dataset), and the number of rows across all 5 runs where at least one run gave a
different result was nine (0.26% of all rows in the training dataset). The standard deviation
of the F1 scores among these runs was 0.00040 (with a maximum F1 score of 0.7953 and a
minimum F1 score of 0.79411).

We apply the climate solutions GPT model to all sentences in 10-K Item 1, and create a
CS measure, defined as the number of climate solutions sentences divided by the total number
of sentences in 10-K item 1.

Figure B.1 plots the CS measure over time by fiscal year. Overall, the climate solutions
measure is trending upwards over time, indicating that companies are increasingly developing
and deploying products and services related to climate solutions. Between 2005 and 2010,
we observe an initial increase in the measure, coinciding with the period when 20 states
enacted Renewable Portfolio Standards (RPS) that require a certain percentage of renewable
energy supply. Following the adoption of the Paris Agreement in 2015, there is a noticeable
upward drift, highlighting the international commitment to climate action. This trend further
accelerates significantly for the fiscal year 2021 annual reports released in 2022, corresponding
with the passage of the Inflation Reduction Act (IRA) legislation that provides subsidies
towards the development and acceleration of climate solutions.
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Figure B.1

CS measure over time.

Climate Solutions Measure over time (mean)

CS Measure
(]
1

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Fiscal Year

This figure plots the average CS measure over time by fiscal year.
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Appendix C: Example of similar and non-similar incumbent firms

In this section, we provide an example of the algorithm used to identify similar and non-similar
incumbent firms in a given VC financing cohort. Consider the case of the climate-tech startup
NanoCoolers, Inc. Below is the full text of its business description provided by PitchBook:

“Provider of cooling solutions utilizing thermoelectrics. The company develops thermal
management cooling solutions that can be applied to a wide variety of areas such as computing,
communications, biomedical systems, climate control and refrigeration.”

Using the procedure in Section 2.2, the extracted set of keywords from the above business
description is: {thermoelectrics, refrigeration, communications, systems, control, computing,
provider, solutions, climate, cooling, thermal, develops, management, variety, areas}.

On 24 July, 2006, NanoCoolers, Inc received a Series A VC financing round. An example
of a similar incumbent firm categorized as a treated observation is Lennox International Inc,
as it has a similarity score ranking within the top one percentile among all incumbent firms
that filed a 10-K at the fiscal year-end before July 24, 2006. The set of keywords that this
incumbent shares with NanoCoolers, Inc is {systems, management, climate, communications,
provider, variety, refrigeration, cooling, solutions, control, areas}. As expected, this incumbent
firm shares a substantial portion of keywords with the startup, given the high similarity score.
This similarity can be attributed to the fact that Lennox International Inc is a provider of
innovative climate control solutions for heating, ventilation, air conditioning, and refrigeration
markets.

In the same cohort, examples of matched control incumbent firms include A. O. Smith
Corporation and AAON Inc. Both of these companies are identified as non-similar firms,
meaning their similarity scores fall below the 20th percentile, and they share the same 6-digit
GICS industry code (201020 “Building Products”) with Lennox International Inc. The set
of shared keywords of A. O. Smith Corporation and AAON Inc with NanoCoolers, Inc is
{systems, variety, refrigeration} and {systems, management, cooling, control}, respectively.
As expected, the keywords of these control incumbent firms have limited overlap with those of
the startup, aligning with their non-similar status. However, these two control incumbents
operate in the same industry as the treated firm. For example, A. O. Smith Corporation is
a manufacturer of residential and commercial water heaters and boilers. Similarly, AAON
Inc manufactures heating, ventilation, and air conditioning equipment for commercial and
industrial indoor environments.

Another example of a treated similar incumbent firm in the same cohort but in a different
6-digit GICS industry code (251010 “Automobile Components”) is BorgWarner Inc. The
set of shared keywords with NanoCoolers, Inc is {systems, management, thermal, develops,
communications, provider, variety, cooling, solutions, control, areas}. This significant overlap
is because BorgWarner Inc is a provider of innovative and sustainable mobility solutions in
the automotive industry. An example of a matched control incumbent firm in the same GICS
industry is American Axle & Manufacturing, Inc. As a non-similar incumbent, this firm has a
smaller overlap set of keywords with the startup: {systems, management, areas}. However,
it operates in the same industry as the treated firm as it is a manufacturer of automobile
driveline and drivetrain components and systems.

60



Internet Appendix

Table TA.1

Strategic investors.

Dep. variable: CS measure (1) (2)

Top Similar x Post 0.267 0.272"
(4.71)  (4.71)
Top Similar x Post x Breakthrough Energy -0.323

(-1.28)

Top Similar x Post x CVC -0.045

(-0.34)
Controls Yes Yes
Firm x Cohort F.E. Yes Yes
Year x Cohort F.E. Yes Yes
Observations 59,898 59,898
Adj R? 0.90  0.90

This table reports results from firm-level stacked DiD regressions controlling for other strategic investors. The
dependent variable, C'S measure, is the percentage of sentences identified as climate solutions to the total
number of sentences in a firm’s 10-K Item 1 Business Description. Top Similar is a dummy variable equal
to one if the firm is treated, and zero otherwise. Post is a dummy variable equal to one for the event year
and subsequent four years, and zero otherwise. Breakthrough Energy is a dummy variable equal to one if
Breakthrough Energy is one of the investors participating in the VC financing round, and zero otherwise.
CVC is a dummy variable equal to one if at least one of the investors participating in the VC financing round
is classified as a corporate venture capitalist by PitchBook, and zero otherwise. Control variables include
Firm age, Firm size, Book-to-market, ROA, Leverage, Sales growth, Cash, Momentum, Stock return, Stock
volatility, Market share, and Fluidity. For all specifications, standard errors are robust to heteroskedasticity
and clustered at the firm-level; ¢-statistics are reported in the parenthesis. *, **, and *** indicate significance
at the 10%, 5%, and 1% level, respectively. Variable definitions are presented in Table A.1 in Appendix A.
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Table TA.2

Early stage climate-tech startup deals.

Seed Series A Seed & Series A
Dep. variable: CS measure (1) (2) (3)
Top Similar x Post 0.314™* 0.174* 0.271*
(3.79) (2.34) (3.98)
Controls Yes Yes Yes
Firm x Cohort F.E. Yes Yes Yes
Year x Cohort F.E. Yes Yes Yes
Observations 25,457 13,073 38,530
Adj R? 0.88 0.92 0.89

This table reports results from firm-level stacked DiD regressions using early stage funding rounds. We focus
on an event window of four years before to four years after VC financing rounds. Within each VC financing
round of a given startup, the set of similar incumbent firms are defined as those in the top one percentile of
similarity scores with respect to the startup. An incumbent firm is treated in a given VC financing round
if it is identified as a similar firm in that round and not in any other rounds in the preceding four years. If
a treated firm is classified as a similar firm in multiple startup deals that occur in the same event year, we
assign it to the deal where it has the highest similarity score. An incumbent firm is a control in a given
VC financing round if it is in the bottom 20 percentile of similarity scores and is not identified as a similar
firm for any other rounds in the entire event window. Control firms are matched to the same 6-digit GICS
industry code as the treated firms. We focus on the subsample consisting of Seed rounds in column (1), Series
A rounds in column (2), and Seed and Series A rounds in column (3). The dependent variable, CS measure, is
the percentage of sentences identified as climate solutions to the total number of sentences in a firm’s 10-K
Ttem 1 Business Description. Top Similar is a dummy variable equal to one if the firm is treated, and zero
otherwise. Post is a dummy variable equal to one for the event year and subsequent four years, and zero
otherwise. Control variables include Firm age, Firm size, Book-to-market, ROA, Leverage, Sales growth, Cash,
Momentum, Stock return, Stock volatility, Market share, and Fluidity. For all specifications, standard errors
are robust to heteroskedasticity and clustered at the firm-level; t-statistics are reported in the parenthesis. *,
** and *** indicate significance at the 10%, 5%, and 1% level, respectively. Variable definitions are presented
in Table A.1 in Appendix A.
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Table TA.3

Incumbents’ response split by environmental regulatory uncertainty.

Low log EnvPU High log EnvPU

Dep. variable: CS measure (1) (2)
Top Similar x Post 0.148 0.316™*
(3.14) (6.35)
Coefficient difference 0.168**
t-statistic (2.55)
Controls Yes Yes
Firm x Cohort F.E. Yes Yes
Year x Cohort F.E. Yes Yes
Observations 28,383 28,330
Adj R? 0.93 0.87

This table examines incumbents’ response to VC financing rounds conditional on the level of environmental
regulatory uncertainty at the time of the deal. We focus on an event window of four years before to four years
after VC financing rounds. Within each VC financing round of a given startup, the set of similar incumbent
firms are defined as those in the top one percentile of similarity scores with respect to the startup. An
incumbent firm is treated in a given VC financing round if it is identified as a similar firm in that round and
not in any other rounds in the preceding four years. If a treated firm is classified as a similar firm in multiple
startup deals that occur in the same event year, we assign it to the deal where it has the highest similarity
score. An incumbent firm is a control in a given VC financing round if it is in the bottom 20 percentile of
similarity scores and is not identified as a similar firm for any other rounds in the entire event window. Control
firms are matched to the same 6-digit GICS industry code as the treated firms. Columns (1) and (2) report
the results for the subsample where log EnvPU is below (“Low log EnvPU”) or above (“High log EnvPU”) the
median, respectively. log EnvPU measures environmental regulatory uncertainty and is equal to the natural
logarithm of the EnvPU index in the month of the deal (Noailly et al., 2022). Coefficient difference represents
the difference in the coefficient estimates of Top Similar x Post between the two subsamples. The dependent
variable, CS measure, is the percentage of sentences identified as climate solutions to the total number of
sentences in a firm’s 10-K Item 1 Business Description. Top Similar is a dummy variable equal to one if the
firm is treated, and zero otherwise. Post is a dummy variable equal to one for the event year and subsequent
four years, and zero otherwise. Control variables include Firm age, Firm size, Book-to-market, ROA, Leverage,
Sales growth, Cash, Momentum, Stock return, Stock volatility, Market share, and Fluidity. For all specifications,
standard errors are robust to heteroskedasticity and clustered at the firm-level; t-statistics are reported in
the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and 1% level, respectively. Variable
definitions are presented in Table A.1 in Appendix A.
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Table TA.4

Alternative stacked DiD specifications.

Non-zero CS measure ~ Random match Control sample cutoffs
10%ile 30%ile  40%ile

Dep. variable: CS measure (1) (2) (3) (4) (5) (6) (7)
Top Similar x Post 0.156** 0.272***  0.221"**  0.260"** 0.255*"* 0.237*** 0.233***
(2.24) (3.90) (4.26) (4.70) (3.69) (4.46) (4.51)

Controls No Yes No Yes Yes Yes Yes

Firm x Cohort F.E. Yes Yes Yes Yes Yes Yes Yes

Year x Cohort F.E. Yes Yes Yes Yes Yes Yes Yes
Observations 29,343 24,122 23,971 18,919 36,786 79,641 97,301

Adj R? 0.89 0.90 0.93 0.92 0.92 0.90 0.90

This table reports results from alternative firm-level stacked DiD specifications. In columns (1) and (2), we
restrict the sample of incumbent firms to those that have at least one non-zero value of CS measure during
the event window. In columns (3) and (4), for each treated firm in a given VC financing round, we randomly
match it to a firm sharing the same 6-digit GICS industry code but not in the top one percentile of similarity
scores to serve as a control. The matched control firm cannot be identified as a similar firm for any other
rounds in the entire event window. In columns (5) to (7), the control sample follows the same definition as in
the baseline specification but we vary the percentile cutoff that defines this control sample. The dependent
variable, CS measure, is the percentage of sentences identified as climate solutions to the total number of
sentences in a firm’s 10-K Item 1 Business Description. Top Similar is a dummy variable equal to one if the
firm is treated, and zero otherwise. Post is a dummy variable equal to one for the event year and subsequent
four years, and zero otherwise. Control variables include Firm age, Firm size, Book-to-market, ROA, Leverage,
Sales growth, Cash, Momentum, Stock return, Stock volatility, Market share, and Fluidity. For all specifications,
standard errors are robust to heteroskedasticity and clustered at the firm-level; ¢-statistics are reported in
the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and 1% level, respectively. Variable
definitions are presented in Table A.1 in Appendix A.
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Table TA.5

Differences between firm characteristics using propensity score matching.

Treatment Control Difference

(N =2,974) (N =2,974)
Variables Mean Mean Estimate p-value
Firm age 2.748 2.746 0.002 0.931
Firm size 6.395 6.501 -0.106 0.227
Book-to-market 0.471 0.464 0.007 0.366
ROA 0.042 0.046 -0.004 0.708
Leverage 0.196 0.198 -0.003 0.751
Sales growth 0.915 4.320 -3.404 0.366
Cash 0.229 0.223 0.006 0.577
Momentum 1.091 1.073 0.018 0.358
Stock return 0.121 0.101 0.020 0.427
Stock volatility 0.137 0.135 0.002 0.531
Market share 0.019 0.020 -0.001 0.745
Fluidity 6.753 6.640 0.113 0.449

This table presents the mean firm characteristics across two subsamples based on propensity score matching.
We use one-to-one nearest neighbor propensity score matching without replacement (Roberts & Whited, 2013).
We test for differences in the means between the two subsamples and provide the p-values. Standard errors
are clustered at the firm-level. * ** and *** indicate significance at the 10%, 5%, and 1% level, respectively.
Variable definitions are presented in Table A.1 in Appendix A.
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Table TA.6

Propensity score matching and weighting models.

PSM (matched sample) PSM (WLS)

Dep. variable: CS measure (1) (2) (3) (4)
Top Similar x Post 0.176* 0.186™ 0.247 0.275"*

(3.04) (2.93) (5.00) (5.31)
Controls No Yes No Yes
Firm x Cohort F.E. Yes Yes Yes Yes
Year x Cohort F.E. Yes Yes Yes Yes
Observations 11,993 11,280 60,177 57,321
Adj R? 0.88 0.88 0.93 0.93

This table reports results from firm-level stacked DiD regressions using propensity score matching and weighting
techniques. In columns (1) and (2), for each treated firm in a given VC financing round, we match it to a
firm sharing the same 6-digit GICS industry code with the closest propensity score (without replacement)
but not in the top one percentile of similarity scores to serve as a control. The matched control firm cannot
be identified as a similar firm for any other rounds in the entire event window. In columns (3) and (4), the
control sample follows the same definition as in the baseline specification but we use weighted least squares
regression with propensity score-derived weights, as in Caliendo and Kopeinig (2008). Treated observations
receive a weight of 1/p, while those in the control group receive a weight of 1/(1 — p), where p denotes the
estimated propensity score. The dependent variable, C'S measure, is the percentage of sentences identified as
climate solutions to the total number of sentences in a firm’s 10-K Item 1 Business Description. Top Similar
is a dummy variable equal to one if the firm is treated, and zero otherwise. Post is a dummy variable equal to
one for the event year and subsequent four years, and zero otherwise. Control variables include Firm age, Firm
size, Book-to-market, ROA, Leverage, Sales growth, Cash, Momentum, Stock return, Stock volatility, Market
share, and Fluidity. For all specifications, standard errors are robust to heteroskedasticity and clustered at the
firm-level; t-statistics are reported in the parenthesis. *, ** and *** indicate significance at the 10%, 5%, and
1% level, respectively. Variable definitions are presented in Table A.1 in Appendix A.
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Table TA.7

Staggered DiD estimates with heterogeneous treatment effects.

Dep. variable: CS measure (1) (2)
Top Similar, , 4, 0.133**  0.138™
(2.40) (2.35)
Pretrend(-2) -0.020  -0.017
(:0.62)  (-0.52)
Pretrend(-3) -0.044  -0.038
(0.99)  (-0.86)
Pretrend(-4) -0.053  -0.041
(-1.42)  (-1.13)
Controls No Yes
Firm F.E. Yes Yes
Year F.E. Yes Yes
Observations 14,616 12,523

p-value: All pre-trends are zero  0.278 0.716

This table reports the results using the DiD estimator developed by de Chaisemartin and D’Haultfoeuille
(2020), which addresses the issues of treatment effect heterogeneity in staggered DiD regressions. The unit of
observation is an incumbent firm—year. Within each VC financing round of a given startup, the set of similar
incumbent firms are defined as those in the top one percentile of similarity scores with respect to the startup.
Top Similar; ;4 is a dummy variable equal to one if the firm is identified as a similar firm of at least one
startup during VC financing rounds in the current year or in the previous four years, and zero otherwise. The
dependent variable, C'S measure, is the percentage of sentences identified as climate solutions to the total
number of sentences in a firm’s 10-K Item 1 Business Description. Pretrend(-k) is the placebo estimator of de
Chaisemartin and D’Haultfoeuille (2020) that estimates the pretrends k years relative to the event year. The
omitted category is k = —1. We also provide the p-value of the joint test that all pre-trend estimators are equal
to zero. Control variables include Firm age, Firm size, Book-to-market, ROA, Leverage, Sales growth, Cash,
Momentum, Stock return, Stock volatility, Market share, and Fluidity. For all specifications, standard errors
are robust to heteroskedasticity and clustered at the firm-level; t-statistics are reported in the parenthesis. *,
**and *** indicate significance at the 10%, 5%, and 1% level, respectively. Variable definitions are presented
in Table A.1 in Appendix A.

67



	Introduction
	Data, sample, and variables
	Startup sample
	Identifying similar incumbent firms
	Characteristics of similar incumbent firms

	Climate solutions large language model
	Control variables

	Research design
	Baseline DiD specification

	Main analyses
	Summary statistics
	Baseline results
	Dynamic effects

	Cross-sectional characteristics by signaling strength
	Startup valuation and financial prospect
	Investor characteristics
	Signaling visibility

	Which incumbent firms respond?
	Stock price reaction

	Investment implications of incumbent firms' response

	Additional analyses
	Instrumental variables approach
	State-level capital gains taxes of VCs
	Government grants to startups

	Alternative explanations
	Mergers and acquisitions
	Competitive threats

	Alternative dependent variable for climate solutions
	Alternative empirical specifications
	Alternative stacked DiD specifications
	Propensity score matching
	Heterogeneous treatment effects


	Conclusion
	Sample and data
	Climate solutions definition and labeling
	Applying the GPT model


