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Abstract

Voluminous studies have investigated the impact of uncertainty on investment
or innovation, but few focus on the relationship between industry-level de-
mand uncertainty and firm innovation. This paper uses the standard deviation
of the industry’s sales growth rate to represent the uncertainty of demand. It
employs the panel data of listed manufacturing firms in China for empirical
analysis. Our results show that demand uncertainty inhibits the firm innova-
tion activities. However, such a focal effect depends on the size, ownership of
the firm, and the character of the industry to which the firm belongs, which
indicates that the heterogeneity of firms is crucial for absorbing demand un-
certainty shock. In addition, we also find that the aggregate and industry-spe-
cific demand uncertainty affect firm innovation negatively.

Keywords

Industry-Level Demand, Uncertainty, Firm Innovation, Heterogeneity,
Manufacturing Firms

1. Introduction

The impact of uncertainty on innovation is a complex and crucial topic in eco-
nomics and management. Uncertainty can arise from various factors—market
shifts, policy changes, and institutional dynamics—each affecting firm innovation
differently, with both positive and negative outcomes. Some research indicates
that, while challenging, uncertainty can foster innovation by creating opportuni-
ties for flexibility and adaptability in complex environments. The classical “Qi-
Hartman-Abel” theory suggests that firms may take more risks and increase in-
vestment to offset potential losses from increased uncertainty (Abel, 1983; Hart-
man, 1972; Oi, 1961). Additionally, the “growth option” theory (Dixit & Pindyck,
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1994) posits that firms might invest more in innovation, treating it as an option
for future profitability under uncertain conditions. Since R&D and technological
advancements are essential for sustainable growth in competitive markets (Agh-
ion et al., 2005; Jens, 2017), increased uncertainty could incentivize firms to en-
hance innovation to secure their survival and profits (Van Vo & Le, 2017; Garcia-
Quevedo et al., 2017; Ross et al., 2018). Supporting this view, York and Venkatra-
man (2010) argue that innovation is driven more by motivation and creativity
than by regulatory stability, suggesting that an uncertain environment may push
innovators to pursue riskier, unconventional paths. This is echoed by Sartorius
(2006), who emphasizes that “fundamental uncertainty” from dynamic interac-
tions between stakeholders can promote new forms of collaboration, often leading
to breakthrough innovations. In such contexts, uncertainty can encourage crea-
tive problem-solving and adaptive strategies that would likely not emerge in more
stable, predictable settings.

However, more scholars hold the opposite opinion and believe the increase in
uncertainty will inhibit the investment of firms (Bloom et al., 2007; Nguyen &
Trinh, 2023), which in turn may produce an innovation-reducing effect, no matter
whether the uncertainty originates from political disturbance (Julio & Yook, 2012;
Jens, 2017; Cao et al., 2019), change of government authority (An et al., 2016), or
economic policy including fiscal and monetary policy (Baker et al., 2016; Fernan-
dez-Villaverde et al., 2015). Bunches of studies hold this opinion, covering areas
like economic policy (Geng et al., 2023), climate policy (Sun et al., 2024), fiscal
and tax policies (Wen et al., 2022; Chen & Jin, 2023), and trade policy (Liu & Ma,
2020). First, the “real option” theory (Dixit & Pindyck, 1994) points out that when
investment costs associated with innovation activities are sunk and irreversible,
the value of “wait and see” increases with rising uncertainty at the industry level.
In such situations, decision-makers find it difficult to precisely predict the firm’s
revenue, liabilities, and asset prices, even the operation of the supply chain, which
will delay investments in innovation activities (Bloom et al., 2007; Bloom, 2009;
Baum et al., 2006; Song & Lee, 2012). For example, Meng et al. (2022) find that
demand unpredictability raises the supply chain risk in the manufacturing indus-
try by utilizing the data of Chinese firms. Second, higher uncertainty may trigger
pessimistic expectations about future market demand, which may induce them to
adjust firm’s investment plans and reduce innovation investments (Barrero et al.,
2017). Third, the firm’s financing costs will rise, and the availability of bank loans
will decrease due to the uncertainty. Firms with severe financial constraints are
more likely to restrict funding for R&D investment (Alessandri & Bottero, 2020).

Though the relationship between investment or innovation and uncertainty can
be negative or positive theoretically, voluminous empirical studies have verified
the negative effect of uncertainty, including demand uncertainty on the invest-
ment of firms (Bernanke, 1983; Dixit & Pindyck, 1994; Ogawa & Suzuki, 2000),
and some papers focused on the uncertainty and innovation get similar conclu-

sion, which indicates a reduction in innovation activities under high uncertainty
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and supports the “real option” theory. For example, He et al. (2020) apply the EPU
index as the measurement of uncertainty and find that a considerably high level
of uncertainty inhibits a firm’s innovation. By constructing the indicator of per-
ception of uncertainty from the management team, Yu et al. (2021) find that man-
agers’ interpretations of the environment will affect their innovative incentives,
and uncertainty leads to a decrease in the number of patent filings. Bhattacharya
et al. (2017) propose that innovative activities drop significantly during times of
national elections.

Based on previous literature, this paper focuses on the impact of industry-level
demand uncertainty on firm innovation. We use the data from the Annual Survey
of Industrial Production (ASIP) conducted by the National Bureau of Statistics of
China (Abbreviated as NBSC) to construct indicators to depict the demand un-
certainty in China’s manufacturing industries. Combined with the firm-level data
of the A-share listed manufacturing firms from 2004 to 2019, our empirical results
verify that increased industry-level demand uncertainty indeed inhibits innova-
tion significantly in China’s manufacturing firms. By decomposing the demand
uncertainty, we reveal that both aggregate and industry-specific demand uncer-
tainty reduce firm innovation. In addition, we also explore the impact of demand
uncertainty on the innovation of heterogeneous manufacturing firms with differ-
ent sizes, ownership, and the character of the industry to which the firm belongs.

While the impact of demand uncertainty on investment or certain kinds of un-
certainty, such as EPU and political disturbance on innovation, have been exten-
sively studied, it still needs to be explored for the role of demand uncertainty on
innovation. This is surprising because demand uncertainty is the most important
type of uncertainty that firms face directly. Other types of uncertainty, such as
policy or political uncertainty, will turn into demand factors and affect the inno-
vation activities of firms. So, this paper seeks to address this gap. It contributes to
literature in several notable ways. First, the paper focuses on the impact of indus-
trial-level demand uncertainty on firm innovation and explores the heterogeneous
reaction of firms to demand uncertainty. It not only confirms the inhibitory im-
pact of demand uncertainty on firm innovation but also demonstrates such a focal
effect depending on the size, ownership of the firm, and the character of the in-
dustry to which the firm belongs. To the best of our knowledge, the paper is the
first one to try to do it. Second, this study compares the role of aggregate and
industry-specific demand uncertainty on innovation by decomposing the indus-
try-level demand uncertainty. Theoretically, such uncertainty originates partially
from aggregate and industry-specific demand shock, and the two kinds of uncer-
tainty may have different impacts on the behavior of firms. Third, this paper also
examines the influence of higher-order moments of uncertainty on firm innova-
tion by introducing the skewness of manufacturing industry-level demand, which
extends to the existing literature such as De Sousa et al. (2020).

The remainder of the paper is organized as follows: Section 1 is an introduction.

Section 2 presents variables and an empirical model. Section 3 shows the variables
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and data. Section 4 presents the regression results and the robustness test, and the

final section concludes.

2. Hypotheses Development

A firm must choose whether and when to invest; when demand uncertainty affects
a firm’s decision to invest in innovation, the firm may postpone its decision while
it waits for new information to address this uncertainty. The firm may stick to its
original strategy and proceed with the investment if the demand uncertainty has
no bearing on the project. Businesses are more cautious because the delay option
is more useful at significant costs (Bloom et al., 2007; Bloom, 2009). One of the
primary objectives of a firm is to maximize returns. From the net present value
standpoint, the firm decides to invest in innovation only when the benefits of in-
novation (cash inflow) brought by the innovation project outweigh the innovation
expenses (cash outflow). Uncertainty makes a firm’s innovation project more vol-
atile and makes forecasting how new ventures will develop harder. In such cases,
the business decides to delay or halt innovative endeavors. Similarly, the firm’s
costs rise due to uncertainty in demand. The firm requests financing when inter-
nal finance is insufficient to raise the necessary funding. The firm is under finan-
cial pressure and must cut its investment in innovation due to the high level of
uncertainty around the project (Kara & Yook, 2022). According to Gilchrist et al.
(2013), business default rates rise when macroeconomic uncertainty is high, and
financing costs follow suit. Managers will reduce a firm’s finances in reaction to
increased financing costs. Due to the firm’s increasing financial constraints, Jeong
(2002) also demonstrates that reducing investment is a wise decision in situations
of high uncertainty. So, we propose hypothesis 1.

Hypothesis 1: Industry-level demand uncertainty suppresses innovation, neg-
atively affecting the innovation activities of listed firms.

Firm innovation is impacted by ownership heterogeneity. Technology-based
firms need fixed assets that may be mortgaged because the returns from technical
R&D operations are unclear and time-consuming. According to Brandt and Rob-
erts (2005), commercial banks engage in “ownership discrimination,” favoring
lending to firms with fixed assets over those without them (Stiglitz & Weiss, 1981).
Demand uncertainty can alter the supply of bank credit and distort the allocation
of loanable funds because enterprises with diverse ownership have varying access
to commercial bank loans (Alessandri & Bottero, 2020; Kara & Yook, 2022). The
inadequate supply of external financing leads firms to rely too much on internal
cash flows for investment, constraining their investment in fixed and intangible
assets (Bloch, 2005). A rising body of research indicates that direct finance is pre-
ferred as the main source of R&D funding in economies with higher levels of tech-
nological innovation (Brown et al., 2013). According to Feng et al. (2021), enter-
prise investment is negatively correlated with economic policy uncertainty, which
is more significant in non-state-owned enterprises (non-SOEs) than state-owned

enterprises (SOEs). According to Li et al. (2021), uncertainty causes financial
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mismatches to worsen, which lowers firms’ growth in total factor productivity.
This effect is especially significant in non-SOEs.

State-owned commercial banks with monopolistic positions frequently practice
lending discrimination and favor SOEs over other borrowers. In comparison to
private businesses, SOEs are better able to get more lending from financial insti-
tutions and secure funding for innovative investments due to their political con-
nections. When market demand is highly uncertain, SOE financing costs are lower
than those of non-SOEs. The “ownership discrimination” is particularly striking
when there is a lot of uncertainty around market demand. As a result, we suggest
hypothesis 2.

Hpypothesis 2: Increasing industry-level demand uncertainty has a more signif-
Icant inhibitory effect on the innovation activity of non-SOEs than that of SOEs.

Firm size heterogeneity also plays an important role when faced with uncer-
tainty shocks because firms of different sizes have different abilities to take risks
and seize opportunities (Khan et al., 2020). Specifically, there are some differences
between large and small firms in terms of financing and governance structure.
Commercial banks and investors prefer larger firms over smaller ones because the
latter have fewer collateral assets and less perfect financial systems (Kang et al.,
2014). Jefferson et al. (2006) use data from Chinese medium and large manufac-
turing firms to explore the determinants of R&D expenditures and sales income
of new products. The findings indicate a positive correlation between firm size
and the level of innovative activity within the firms. The study of Tovar & Wall
(2012) illustrates that demand uncertainty affects firms’ marginal costs. A firm
can only lower marginal costs and advance its development by embracing econo-
mies of scale and economics of scope.

According to the growth option theory, although the irreversibility of invest-
ment makes deferred options more valuable under conditions of uncertainty, for
some firms, the cost of waiting may be so expensive that holding an option is not
feasible. When there is a high level of industry competition, the firm should thor-
oughly evaluate how competitors would perceive the technological innovation
project when deciding whether to adopt it or not, in addition to how the techno-
logical innovation will affect the firm itself. In many cases, to avoid losing the first-
mover advantage and market share in the future, firms will choose to enter the
market in advance, especially some large and high-tech firms. Even if the innova-
tion investment project’s NPV (net present value) is negative, the firm may carry
out the innovation project. Despite the high degree of uncertainty in demand,
firms consider their competitors’ responses to technological innovation activities
the most important factors to consider (Trigeorgis, 1996). Compared to small and
medium-sized firms, large firms may be more concerned about the future value
of innovative investments and are likely to invest more in R&D, even with uncer-
tainty (Boulding & Christen, 2003, 2008). Thus, the impact of industry-level de-
mand uncertainty on the innovative performance of large firms will be smaller

than on small firms. Therefore, we propose hypothesis 3 as follows:

DOI: 10.4236/tel.2024.146109

2216 Theoretical Economics Letters


https://doi.org/10.4236/tel.2024.146109

J. Cai et al.

Hypothesis 3: Keep other things equal, larger firm size weakens the negative
effect of industry-level demand uncertainty on innovation in manufacturing.

Industry heterogeneity is a notable factor affecting innovative activities when
firms face uncertainty. Raman & Chatterjee (1995) point out that in a market with
demand uncertainty, high-tech firms should pay more attention to the impact of
uncertainty. According to Kafouros et al. (2008), businesses that invest in sectors
with brighter technological prospects benefit more from knowledge spillovers,
have much stronger organizational frameworks, and are more capable of innova-
tion. Jakubovskis (2017) makes distinctions between capital-intensive and labor-
intensive technology sectors to examine the differences in how firms’ strategic de-
cisions are affected by demand uncertainty.

Increased market demand uncertainty suggests that firms, particularly those in
the high-technology sector, have a better possibility of acquiring larger profits.
High-tech firms have a greater willingness and capacity to seek out new innovative
activities because technological innovation activities in high-tech industries are
characterized by high knowledge and skill intensity, high revenue levels, and high
market competition, which require firms to respond quickly to changes in the
market environment. Firms in high-tech industries have more options than tradi-
tional businesses to take advantage of opportunities created by uncertainty and
enhance the effectiveness of their operational management by quickening the
speed of technological innovation. Therefore, we hypothesize as follows:

Hypothesis 4: Compared to high-tech firms, industry-level demand uncer-
tainty has a more significant inhibitory effect on the innovation activities of non-

high-tech firms.

3. Variables and Model Specification

3.1. Key Explanatory Variable

The key explanatory variable in this paper is the industry-level demand uncer-
tainty. There are four methods to calculate the demand uncertainty in literature
(Ogawa & Suzuki, 2000;; Campbell, 2007; Banker et al., 2014; Liang et al., 2023),
including the standard deviation of the sales growth rate based on a traditional
formula using past few years’ information, the magnitude of the standard error of
regression which implies the growth rate follows an auto-regressive (AR) process,
unexpected sales divided by forecast sales (Chuang et al., 2019), and conditional
standard deviation of an ARCH model which assumes the growth rate follows a
second-order AR model, and the error term follows an ARCH (1) model, respec-
tively. We use the first method (also the traditional method) to measure the in-
dustry-level demand uncertainty for three reasons: 1) the data of forecast sales is
hard to obtain; 2) the ARCH-type method needs to utilize the full information set,
including the future information to get the conditional standard deviation, which
seems less realistic from the empirical point of review; 3) the correlation coeffi-
cient between the measures based on the first two methods is high (Ogawa & Su-

zuki, 2000; Liang et al., 2023). Exactly, we use the past two years’ information (with
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22 monthly observations') to compute the demand uncertainty of industry j

( Uncer, ).

2 2
1 11 — 11 —
Uncer,, =— Z(R’Hn)j RtHJ +§n1{R’+ﬁ~f R,Mj (1)

n=1

where R ,  is the sales growth rate of industry jat the nth month of year ¢ and

t+—,
11 J

—

R, is the average growth rate of industry ; during the year #—1 to # The

sales growth rate of each industry in the manufacturing sector refers to the year-
on-year growth rate of the main business income of firms above the designated
size, and the data comes from the Annual Survey of Industrial Production (ASIP)
of China, which can be downloaded from the official website of NBSC.

3.2. Dependent Variable

Firm innovation serves as the explanatory variable in this study. R&D expendi-
tures and innovation output are typically the indicators of firm innovation (Shefer
& Frenkel, 2005; Mancusi & Vezzulli, 2010). However, there are some disad-
vantages to quantifying innovation by R&D expenditures. First, R&D expenditure
data may suffer from sample selection bias because some firms are unwilling to
publish their investment in R&D; no data does not necessarily mean a lack of in-
novation activities. Second, firm R&D expenditures don’t necessarily convert into
R&D output (Griliches, 1990). In contrast, the number of patent applications
granted is a more effective measure of firm innovation, which can visually char-
acterize the quality of firms’ innovation output (Griliches, 1990). Third, the China
Stock Market Accounting Research (CSMAR) database provides data on patent
applications and authorizations of listed firms in China since 1989, while the data
on the R&D expenditures of listed firms in China is only from 2007. There will be
more observations to use the patent data than R&D expenditures data.
Therefore, referring to Hall et al. (2005), Fang et al. (2014), Van Vo & Le (2017),
and Pertuze et al. (2019), we use patent applications to measure firm innovation,
which includes invention patents (/nv), utility model patents (Ut), design patents
(Des), and the total of patents (AZ). Considering that the number of patent appli-
cations can be zero, we take the logarithm of one plus the number of patent appli-

cations according to the method of existing literature.

3.3. Control Variables

Following Kaplan & Zingales (1997), Hall et al. (2005), Shefer & Frenkel (2005),
and Pham et al. (2018), we choose firm size, profitability, Tobin’s Q, asset-liability
ratio, cash flow ratio, tangible asset ratio, equity concentration, and firm age as
control variables. Table 1 displays the definition of each variable. Except for in-
dustry-level demand uncertainty, which is calculated by data from the NBSC web-
site, other variables’ data come from the CSMAR database.

'As the length of time window to calculate the demand uncertainty is subjective, we also use the past

three years’ information as one robust test in Section 5.3.
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Table 1. Variable definition and data source.

Variable Type Definition

Symbol Explanations

Total patents

Invention patents

it

ln(l + All, ) The logarithm of (1+ all patent applications)

ln(l + Inv, ) The logarithm of (1+ invention patent applications)

Dependent Bt
Variables . . . - .
Utility model patents In (1 +Uti, jy,) The logarithm of (1+ utility model patent applications)
Design patents In (1 + Desw,’t) The logarithm of (1+ design patent applications)
Explanatory Industry-level demand Uncer The industry revenue growth’s standard deviation over the
Variable uncertainty 7 previous 22 months
Firm size lnSizel.’, The logarithm of the firm’s total assets
Profitability Roa,, The return of total asset
Cash flow ratio Cf% The ratio of cash flow to total assets
Asset-liability ratio Lev,, The ratio of total liabilities to total assets
Control
Variables Equity concentration First,, The largest shareholder’s holdings/total number of shares
Tobin’s Q TobQ, The ratio of the sum of market value of equity and market value
of net debt to the total assets
Tangible asset ratio Tang@,-,, The ratio of tangible assets to total assets
Age of the firm Age,, The length of the firm’s founding years

3.4. Sample Explanation and Descriptive Statistics

We match the industry classification of manufacturing firms listed in A-shares
with the Industry Classification of National Economy (GB T4754-2011) based on
the Guideline of Industry Classification of Listed Firms issued by the China Secu-
rities Regulatory Commission (CSRC) in 2012. We drop the firms with ST or ST*
from our sample to reduce the influence of outliers. The sample covers from 2002-
2019 as the data of the sales growth rate of each industry only starts from February
2001 on the website of the NBSC, and NBSC has changed the indicator “main
business income of firms” into another indicator “sales revenue of firms” since
20109, to reflect the scale and operational status of industrial enterprises more com-
prehensively. Ultimately, we get 21728 observations. It should be noted that there
are a few missing data for some variables because the CSMAR database does not
provide full information for certain listed companies. Table 2 displays the descrip-

tive statistics for all variables of the observations.

4. Model Specification and Empirical Results

4.1. Model Specification

Based on the previous analysis, we set the baseline regression model as follows.

Innovation, ;, = a + BUncer;, , + 2y, Control,, |+ u, +n, +¢&,, 2)
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Table 2. Descriptive statistics of variables.

Variables N Mean Medium  St. Dev. Min Max
ln(l +All, ,,,) 21,728 2.416 2.485 1.665 0 8.904
n(l+mv,,) 21,728 1670 1609  1.442 0 4.836
In(1+Uti ) 21,728 1688 1754 1606 0 5.697
1n(1 + Des, ,.,,) 21,728 0.663 1.548 1.111 0 3.871

Uncer,, 21,728  0.0420  0.0290  0.0330 0.008 0.128
InSize,, 21,717 21.76 21.61 1.185 16.51 27.47
Roa,, 21,728  0.0450  0.0430 0.187 -6.714  20.79
TobQ,, 21,302 2.007 1.575 1.971 0.153 122.2
Lev,, 21,728 0.441 0.407 1.032 0 96.96
Cfo,, 21,728 0.169 0.127 0.503 -0.165 71.55
Tange,, 21,728 0.940 0.960 0.0710 0 1
First,, 20,341 35.56 33.67 14.96 3 89.99
Age,, 21,421 16.21 16 6.400 1 65

Source: Authors’ computation based on NBSC and CSMAR database.

where j j, and frepresent the firm, the industry to which the firm belongs, and

the year, respectively. Innovation

.. denotes the innovation output of firm 4

Uncer;, |

is a set of control variables, including firm size, profitability, Tobin’s Q, asset-lia-

denotes industry-level demand uncertainty of industry j Control,, |

bility ratio, cash flow ratio, tangible asset ratio, equity concentration, and firm age;
u; and 7, represent industry-fixed effects and time-fixed effects, respectively,
g;, denotes random disturbance term. We lagged dependent variables by one

year because their effects take some time to materialize.

4.2. Empirical Results

4.2.1. Baseline Regression Results

The Hausman test indicates that the fixed effect model should be adopted®. Table
3 shows the results of the benchmark regression. Columns (1) to (4) display the
regression results for different dependent variables: the patent applications of the
total, invention, utility model, and design, respectively. The results in columns (1)
to (3) show a significant negative relationship between the industry-level demand
uncertainty and the patent applications of the total, invention, or utility models of
listed manufacturing firms. The estimated coefficients are —0.83, —1.73, and —0.83,

respectively, among which the impact of industry-level demand uncertainty has

“The Chi-square statistic of the Hausman test is 6.20 with the value of pis 0.023. Therefore, we select
the fixed effect model.
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the greatest inhibitory effect on invention patents. This is because the invention
patents, always seen as the best indicator of a firm’s capacity for innovation, are
the most difficult to apply, involve more R&D expenditures, longer processing
time, and larger investment risk, and would be affected by demand uncertainty
deeper compared with other types of patents, no matter from the channels of real
option, expectation or financing costs. Column (4) shows that the impact of in-
dustry-level demand uncertainty on design patent applications is insignificant,
probably because design patents are more accessible to apply and do not need
much investment. Overall, the regression results in Table 3 verify that industry-
level demand uncertainty indeed inhibits firm innovation, and the results are con-

sistent with Hypothesis 1.

Table 3. Baseline regression results.

(1) (2) (3) (4)
In(l+40,,)  Wn(l+mv,,) IW(1+Ut )  In(1+Des,)
Uncer -0.81" 171" -0.81" -0.16
i (=2.08) (—4.84) (=2.09) (=0.50)
InSise 0.61"" 0.55™ 0.55™ 0.24""
b (40.88) (41.05) (38.38) (19.66)
Rod 1.48™ 1.08™ 1.49™ 0.61""
ot (8.23) (6.65) (8.42) (4.24)
TobOQ 0.01 0.03™ -0.01 0.01"
i (1.05) (2.64) (-0.51) (1.75)
Lev -0.14" 0.01 0.04 -0.03
h (-1.96) (0.17) (0.55) (—0.60)
o, —0.04 0.05 -0.10 0.06
ot (-0.52) (0.62) (-1.34) (0.89)
Tange. -0.48™ -0.28" -0.46™ -0.09
et (-2.87) (~1.85) (-2.80) (~0.64)
First ~0.00 —0.00 —0.00 0.00"
b (-1.53) (-1.05) (-1.03) (2.19)
Age -0.01 -0.00 -0.00 0.00
ot (-1.59) (-1.33) (-1.11) (0.46)
Time FE YES YES YES YES
Industry FE YES YES YES YES
Observation 17478 17478 17478 17478
R 0.4565 0.4503 0.4353 0.0879

Note: **p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are
clustered by firm and year. Source: Author’s Computation.

As to the control variables, the coefficients of the firm’s total assets (/nSize,,_, ),

return on assets ( Roa,,_, ), and Tobin’s Q (TobQ,,_, ) are almost significantly
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positive in all columns, which indicates that the larger, more profitable, and bet-
ter-growing firms have more innovation output. This is because innovation is a
high-risk and high-input activity, and the larger, more cash-flow and higher-
growing firms can better afford the high investment in innovation. Moreover, a
firm can invest more resources in innovation projects and become more innova-
) has
a significant negative impact because the high tangible asset ratio implies the firm

tive as it grows larger and more successful. The tangible asset ratio ( Tange, ,_,
has a high degree of asset irreversibility and belongs to the traditional industry.
But the asset-liability ratio ( Lev,,, ), cash flow ratio (Cfo,, , ), equity concentra-

tion ( First.

it—1

), and age of the firm ( Age,,_, ) seem to have no impact on the in-
novation. The above regression results of the control variables are generally con-

sistent with the findings of most existing studies.

4.2.2. Differentiating the Role of Aggregate and Industry-Specific
Demand Uncertainty

It is crucial to separate the sources of demand uncertainty when analyzing the
economic implications of uncertainty (Baker et al., 2016). Different sources of de-
mand uncertainty, such as aggregate and industry-specific demand uncertainty,
may have different impacts of uncertainty on firms’ innovation activities. The for-
mer originates from the volatility of macroeconomic or aggregate demand, and
the latter originates from the industry-specific demand shock after controlling the
aggregate demand uncertainty. For example, certain industries may endure sub-
stantial downward pressure even though the overall economy flourishes.

We use a traditional regression approach to decompose industry-specific de-
mand uncertainty and examine how it affects a firm’s innovation. In particular,
we calculate the aggregate demand uncertainty ( Uncer_all,_,) by using the data of
sales growth rate of the manufacturing sector in China and then regress Equation
(3).

Uncer;, = a; + B;Uncer_all, +e,, (3)

We can get the residual ( e_indus ) from Equation (3) and use it as the proxy for
industry-specific demand uncertainty, then add Uncer_all, | and e indus,, |
into baseline Equation (2) by replacing the Uncer;, , .

Table 4 displays the results of the regression. Industry-specific demand uncer-
tainty significantly reduces the innovation of manufacturing firms, with the great-
est influence on invention patents. Similarly, the coefficients of aggregate demand
uncertainty are also significantly negative for all types of innovation outputs. This
result shows that demand uncertainty at the aggregate level and industry-specific

level will inhibit firms’ innovation activities.

4.2.3. Heterogeneity of Firms

1) Heterogeneity in Ownership

According to the ownership of the controller, the CSMAR database classifies
the firms into four types: state-owned, private-owned, foreign-owned, and others.

We divide the sample into two categories: SOEs and non-SOEs (including
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Table 4. Regression results of aggregate and industry-specific demand uncertainty.

(1 (2) 3) 4
In(1+40,,)  n(l+mv,,) In(1+Ut)  In(1+Des,,)

iyt it it

. -1.09" -1.69™ -1.57" 0.21
e_indus,
: (—2.53) (—4.32) (-3.68) (0.61)
-14.86™ -20.24™ —0.75** -4.617
Uncer_all,
- (-9.12) (-13.52) (~2.49) (-3.36)
. 0.61 0.55™ 0.55™ 0.24™
InSize, ,_,
: (40.94) (41.12) (38.46) (19.69)
1.47™ 1.08™ 1.49™ 0.61
Roai t—1
: (8.22) (6.68) (8.44) (4.21)
TobO, 0.01 0.03 -0.00 0.01
: (1.19) (2.76) (-0.37) (1.76)
-0.13" 0.01 0.03 -0.03
Levi.tfl
(-1.95) (0.22) (0.48) (=0.59)
o, -0.04 0.04 -0.11 0.06
: (—0.51) (0.61) (-1.36) (0.88)
T -0.46™ -0.26 -0.44™ -0.08
ange,
: (=2.73) (-1.70) (=2.70) (=0.58)
. -0.00 -0.00 -0.00 0.00™
First,
: (-1.56) (-1.11) (-1.08) (2.18)
-0.01 -0.00 -0.00 0.00
Agei -1
: (-1.64) (-1.39) (-1.13) (0.43)
Time FE YES YES YES YES
Industry FE YES YES YES YES
Observation 17513 17513 17513 17513
R 0.4044 0.4170 0.4116 0.0769

Note: ***p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are
clustered by firm and year. Source: Author’s Computation.

private-owned, foreign-owned, and others), and carry out the baseline regression,
respectively. Table 5 shows the regression results while considering the heteroge-
neity of firms’ ownership. In terms of patent applications for invention, industry-
level demand uncertainty has significant negative impact on both SOEs and non-
SOEs, but the impact on non-SOEs is greater. In terms of patent applications for
utility model, industry-level demand uncertainty tends to inhibit non-SOEs’ in-
novation but has no impact on SOEs. The results are consistent with Hypothesis
2 and indicate non-SOEs need more policy support from the government to keep
the innovation activities when facing high demand uncertainty.
2) Heterogeneity in Size

In order to verify the moderating effect of firm size on the relationship between
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Table 5. Regression results after considering the heterogeneity in firm’s ownership.

Non-SOEs SOEs

In(1+ v, ,) W(1+Ut,) In(l+Des,,) In(l+mv,,) In(1+Ut,,) mn(1+Des,,)

(1) () ©) (4) ©) (6)

it ijit ijt ijit Lt

Uncer;,

InSize, ,_,

Roa,,,

TobQ,

i,t—1

L evz:zfl

Cfo,

i1

Tange,

it-1

First, |

Age,

i1

Time FE
Industry FE
Observation

RZ

-1.83™ —1.11" 0.00 -1.69™ —0.54 -0.30
(-3.75) (—2.08) (0.00) (-3.32) (-0.96) (—0.69)
0.54™ 0.53™ 0.30"" 0.57" 0.56™ 0.19™
(29.36) (27.26) (17.51) (26.12) (23.71) (10.18)
128" 1.56™ 0.50™" 0.87" 1.38™ 0.78"
(6.10) (6.84) (2.58) (3.34) (4.85) (3.47)
0.05™ 0.02' 0.04™ 0.01 ~0.05" -0.02
(3.80) (1.67) (3.44) (0.47) (-2.51) (-1.13)
0.02 0.14" —0.04 -0.18" -0.21" -0.10
(0.19) (1.65) (—0.50) (-1.76) (-1.93) (-1.12)
-0.06 -0.19" 0.08 0.06 -0.01 0.11
(—0.66) (-1.99) (1.01) (0.48) (-0.04) (0.98)
-0.25 -0.31 0.09 -0.46 —0.72" -0.37
(-1.41) (-1.59) (0.57) (-1.51) (-2.19) (-1.39)
-0.01 ~0.002 0.00" 0.00 0.00 0.001"
(—0.83) (—0.20) (2.04) (1.12) (0.38) (2.60)
-0.01" -0.01 ~0.00 -0.01" -0.01" 0.01
(-1.85) (-1.31) (—0.85) (-1.71) (-1.73) (1.13)
YES YES YES YES YES YES
YES YES YES YES YES YES
10579 10579 10579 6934 6934 6934
0.3003 0.3572 0.0768 0.5003 0.4595 0.0908

Note: ***p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are clustered by firm and
year. Source: Author’s Computation.

demand uncertainty and firm innovation, the interaction term of firm size and

*[nSize,

uncertainty ( Uncer, -

i ) is introduced into the regression. The results
are displayed in Table 6. The coefficients are significantly positive in columnland
column 2, which confirms that the inhibitory effect of uncertainty on firm inno-
vation diminishes as firm size increases, and Hypothesis 3 is verified.
3) Heterogeneity in the Character of Industry to Which the Firm Belongs
Similar to firm’s ownership, we construct a dummy variable ( Hightech,, ) and
assign a value of 1 if the firm belongs to a high-tech industry and 0 otherwise,

then add the interaction term  Hightech,,_, *Uncer,

;.1 into the baseline equation.

Referring to the Industry Classification Guidelines for Listed Firms issued by the
China Securities Regulatory Commission in 2012, we classify the pharmaceutical

manufacturing, aerospace manufacturing, and information transmission, software,
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Table 6. Regression results after considering the heterogeneity in firm’s size.

1 2 (3)
In(1+ Inv, ) In(1+Uti, , 1+ Des, )
U -8.47" -13.73™ 2.43
ncer,, |
’ (-2.25) (-3.33) (0.72)
. 0.54™ 0.52™" 0.24™
InSize,, |
’ (34.77) (31.64) (17.52)
Uncer,,, *InSize,, 0.31 0.59 -0.12
- ’ (1.80) (3.14) (—0.78)
R 1.08™ 1.49™ 0.61™
Oai -1
’ (6.65) (8.43) (4.24)
TobQ,, | 0.02 -0.01 0.02
’ (2.50) (-0.72) (1.80)
0.01 0.04 -0.03
Levi 1-1
’ (0.21) (0.62) (-0.62)
Clo.. . 0.06 -0.08 0.05
’ (0.78) (-1.07) (0.83)
T -0.28" —-0.45™" -0.09
ange, .,
’ (-1.83) (-2.77) (-0.65)
First, —-0.00 —-0.00 0.00
’ (-1.03) (-1.00) (2.18)
—-0.00 —-0.00 0.00
Agei =1
’ (-1.28) (-1.01) (0.43)
Time FE YES YES YES
Industry FE YES YES YES
Observation 17513 17513 17513
R 0.4352 0.4403 0.0879

Note: ***p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are
clustered by firm and year. Source: Author’s Computation.

and information technology industries as high-tech industries. The results in Ta-
ble 7 show that the coefficients of the interaction terms are both significantly pos-
itive in column (1) and (2), which indicates that the impact of demand uncertainty
on innovation is less for high-tech firms, and are also consistent with Hypothesis
4.

5. Robustness Tests

As the industry-level demand uncertainty is an exogenous variable for firm inno-
vation, the endogeneity problem originating from reverse causality in this re-
search is very slight. However, the empirical results may be affected by the omitted

variable, the different measurements of the dependent variable and the key
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Table 7. Regression results after considering the heterogeneity in character of industry to

which the firm belongs.

Uncer;,

Hightech, ,_, * Uncer,

a1

Hightech, .,

[nSize,

Roa

it-1
T Ob Qi -1

Lev,.,H

o,

Tange.

i1
First, |

Age

it-1

Time FE
Industry FE
Observation

RZ

ln(l + Inv.

ijit

(1)

~1.94™
(-5.21)

0.82"
(1.80)

1.67™
(3.92)

0.56™
(41.14)

1.07™
(6.57)

0.03™
(2.78)

0.01
(0.19)

0.04
(0.62)

-0.26
(-1.74)

-0.00
(-1.08)

~0.00
(-1.40)

YES
YES
17513

0.4047

1n(1 +Uti,

i,j.t

2

-1.06™
(-2.60)

0.86
(1.72)

2.08™
(4.54)

0.55™
(38.49)

1.47
(8.37)

—0.00
(-0.34)

0.03
(0.51)

-0.11
(-1.35)

—-0.45™
(-2.74)

-0.00
(-1.07)

-0.00
(-1.15)

YES
YES
17513

0.4113

1+ Des,

ijit

3)

-0.03
(-0.09)

-0.49
(-1.21)

1.38™
(3.63)

0.24
(19.62)

0.61™
(4.22)

0.01"
(1.72)

—0.04
(-0.63)

0.06
(0.87)

-0.08
(-0.56)

0.00"
(2.20)

0.00
(0.45)

YES
YES
17513

0.0770

Note: ***p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are

clustered by firm and year. Source: Author’s Computation.

explanatory variable. Therefore, we conduct three robustness tests as follows.

5.1. Considering the Mean and Skewness of Sales Growth Rate of

Industry

Besides the variance of the sales growth rate, which is the proxy for demand un-
certainty, the mean and skewness of the sales growth rate can reflect the average
level and the asymmetry of the distribution of industry-level demand growth, and
may also affect the firm innovation. For example, several studies have found that

skewness of demand growth can influence firms’ decisions (Arunraj & Ahrens,
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2015; Zhang et al., 2020) as downside losses may have more impact on the utility
of decision-makers than upside gains because of the loss aversion according to the
“perspective theory” in behavior economics (Kahneman & Tversky, 1979; Tversky
& Kahneman, 1992). To keep consistent with the demand uncertainty, we also use
the information from the past two years (22 monthly observations) to calculate
the mean and skewness of industry-level demand growth. Exactly, let R/,_: be
the mean of industry-level demand growth (mean, , ), and denotes skew,, asthe

skewness of demand growth in industry /. Then,

3 3

11 — 11 —
22% Zn-l[R,_Hn ) —R,HJ +Zn-1(R,+n ) —R,MJ
1’ 1’

skew. , = 4
o 21%20*sd; @

J=1~t

—

. and R_ , aresame asin Equation (1),and sd

1

The meanings of Rt+ Jot-l~t

is the standard deviation of monthly sales growth rate in industry jduring the year
t—1 tot

Table 8 shows the results by adding the mean and skewness of industry-level
demand growth into baseline regression. The coefficients of mean,, , are signif-
icantly positive except for column (4), which indicates the average growth rate of
industry-level demand will foster firm innovation. Similarly, the coefficients of

skew,, | are significantly positive except for column (3). The results are in line

J.t—1
with expectations because the higher absolute value of a negative skewness repre-
sents the larger tail risk of loss during a certain period and will impose a more

adverse impact on firm innovation. The impacts of Uncer;, , are unchanged

-1
compared with Table 3 after controlling the mean and skewness of demand
growth, suggesting that the negative relationship between demand uncertainty

and firm innovation is robust.

Table 8. Regression results after adding the mean and skewness of industry-level demand
growth.

(1) (2) (3) (4)
1n(1+A11, ) ln(l+[nv. ) 1n(1+Uni ) ln(1+Des. )

Lyt Lt it ijit

0.03™ 0.03™ -0.01 0.02™

skew, |
’ (2.51) (2.97) (—0.46) (2.14)

1.93™ 1.46™ 1.85™ 0.03

mean,, |
: (9.39) (7.87) (9.14) (0.17)
-1.00" -1.83" -1.08™" —0.12

Uncer;, |
’ (-2.57) (-5.19) (-2.79) (-0.37)
. 0.62™ 0.56™ 0.56™" 0.24™

InSize,, |
: (41.53) (41.57) (39.04) (19.65)
1.62™" 1.19™ 1.63™ 0.61™

Roaizfl
: (9.03) (7.31) (9.21) (4.22)
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Continued

TObQi,tfl

Lev,,

Cfo,

it-1

Tange,

i1
First, |

Age.

it-1

Time FE
Industry FE
Observation

R2

0.02™
(2.17)

—0.14"
(-2.08)

-0.03
(-0.43)

—0.46™
(-2.78)

-0.00"
(-1.76)

-0.01"
(-1.70)

YES
YES
17513

0.4433

0.03™
(3.56)

0.00
(0.06)

0.05
(0.68)

-0.26'
(-1.75)

~0.00
(-1.25)

-0.01
(-1.43)

YES
YES
17513

0.4043

0.01
(0.52)

0.03
(0.40)

-0.10
(-1.26)

~0.45™
(-2.75)

~0.00
(-1.24)

~0.00
(-1.18)

YES
YES
17513

0.3985

0.02"
(1.81)

—0.04
(-0.63)

0.06
(0.87)

-0.08
(-0.58)

0.00"
(2.16)

0.00
(0.43)

YES
YES
17513

0.0655

Note: ***p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are
clustered by firm and year. Source: Author’s Computation.

5.2. Using the Alternative Indicators to Proxy Firm Innovation

We adopt a new indicator to measure firm innovation for a robust test. Compared
with the number of patent applications, the number of granted patents can better
reflect the quality and efficiency of innovation activities (Hirshleifer et al., 2013).
Therefore, we use the number of granted patents instead of the number of patent
applications as the proxy for firm innovation. The regression results are shown in
Table 9. The coefficients of industry-level demand uncertainty remain signifi-

cantly negative in columns (1) to (3), indicating that our results are solid across

different indicators of firm innovation.

Table 9. Regression results by replacing alternative indicators for firm innovation.

(1) (2) (3) 4)
In(1+4i,,) I(l+mv,,)  In(1+U,, 1+ Des, ,
-1.18™ -1.40™" -0.92" —0.20
Uncer;
: (-2.80) (-3.29) (-2.15) (-0.51)
. 0.56™ 0.45™ 0.55™ 027"
InSize,, |
’ (30.81) (28.24) (30.31) (15.66)
R 1.19™ 1.06™ 1.40™ 0.58™
04,
’ (5.32) (4.84) (6.18) (2.76)
TobQ,, 0.02 0.07 0.02 0.02
’ (1.55) (6.15) (1.51) (1.33)
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Continued
-0.01 -0.25"" 0.12 -0.02
Lev[ t=1
’ (-0.17) (-3.16) (1.35) (-0.19)
. -0.13 -0.16" -0.04 0.03
o,
(-1.36) (-1.76) (-0.42) (0.36)
-0.03 0.23 -0.31 -0.14
Tange,
’ (-0.14) (1.17) (-1.44) (-0.72)
. —-0.00 —0.00 -0.00 0.00
First,
’ (-1.52) (-1.05) (-1.61) (1.10)
—-0.00 -0.01" -0.00 0.00
Agei,z—l
(-0.78) (-1.79) (-0.21) (0.78)
Time FE YES YES YES YES
Industry FE YES YES YES YES
Observation 11375 11375 11375 11375
R 0.2650 0.3698 0.3596 0.0452

Note: ***p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are
clustered by firm and year. Source: Author’s Computation.

5.3. Expanding the Time Window Length When Constructing the
Key Explanatory Variable

There seems to be no consensus on the selection of the length of a time window
to calculate the demand uncertainty. For example, Ogawa & Suzuki (2000) use the
past five years’ information on the sales growth rate, which only has five observa-
tions, while Liang et al. (2023) use 21 yearly observations of the sales growth rate.
In this section, we recalculate the industry-level demand uncertainty using the
monthly observations of the past three years (Uncer_3,, |) and replace Uncer;,
into the baseline regression. As shown in Table 10, the results are same as in Table

3, which also indicates that the conclusions of this paper are robust.

Table 10. Regression results by expanding the time window length of key explanatory var-

iables.
(1) @) (€) (4)
in(1+40,,)  Wn(l+mv,,) In(1+Ut)  In(1+Des,,)
Uncer 3 -0.73 -2.01™ -0.80" -0.03
- (-1.72) (=5.27) (~1.93) (-0.10)
InSize 0.61" 0.55™ 0.55™ 0.24™
bt (40.89) (41.00) (38.42) (19.69)
Roa 1.47™ 1.07"™ 1.48™ 0.61"
ot (8.18) (6.63) (8.39) (4.22)
TobQ 0.01 0.02" -0.00 0.01"
e (1.12) (2.59) (~0.45) (1.77)
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Continued
-0.13" 0.01 0.03 -0.03
Levi.tfl
(-1.96) (0.13) (0.48) (-0.60)
Cho,.. -0.04 0.04 —-0.11 0.06
’ (-0.53) (0.54) (-1.38) (0.88)
-0.46"" -0.26" -0.45"" -0.08
Tange,
’ (-2.75) (-1.74) (-2.73) (-0.58)
Fi —-0.00 -0.00 —-0.00 0.00™
st,, |
’ (-1.51) (-0.99) (-1.03) (2.18)
-0.01 —-0.00 —-0.00 0.00
Agei t—1
’ (-1.62) (-1.33) (-1.11) (0.43)
Time FE YES YES YES YES
Industry FE YES YES YES YES
Observation 17513 17513 17513 17513
R 0.4168 0.4049 0.4112 0.0769

Note: ¥**p < 0.01, **p < 0.05, *p < 0.1. t-statistics are in parentheses. Standard errors are
clustered by firm and year. Source: Author’s Computation.

6. Conclusion and Implications

This study investigates the relationship between firm innovation and industry-
level demand uncertainty using data from Chinese manufacturing firms listed be-
tween 2004 and 2019. We find that both the aggregate and industry-specific de-
mand uncertainty have adverse impacts on firm innovation. Moreover, the inhib-
itory effect of demand uncertainty on innovation activities is contingent upon the
firm’s size, ownership, and character of the industry to which the firm belongs.
These findings enhance our understanding of the influence of uncertainty on firm
innovation and highlight the importance of government support for investment
activities, particularly for small firms and non-SOEs, during periods of high de-
mand uncertainty.

The findings of this study have some policy implications for corporate and gov-
ernmental decision-making. Local governments can provide appropriate policy
support or economic subsidies to private firms and traditional manufacturing in-
dustries impacted by the uncertainty of industry-level demand because global
conflicts will likely keep the uncertainty high in the foreseeable future. When mak-
ing strategic decisions, firms should take into account the risks and opportunities
associated with their innovation activities to ensure survival and growth in the
long term.

Although this paper explores the impact of industry-level demand uncertainty
on firm innovation, there are still some limitations that may include: First, due to
limited access to firm-level data, this paper just tests the overall impact rather than
using a specific model to empirically assess the impact mechanism. Second, because

of the limitation of data disclosure, a large number of unlisted manufacturing firms’
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data are difficult to obtain, so the samples of empirical analysis in this paper are
all listed firms. Since unlisted firms cannot be included in the empirical model,
the applicability of the paper’s conclusions is constrained. These are the areas that

need to be explored further for upcoming research.
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