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Product-harm crises can trigger product recalls or product discards, which is very likely to cause secondary pollution to the
environment. Also, these crises may harm customers’ health and threaten firms’ survival. To foster low-carbon economy and green
development in such complex systems, this paper studies the internal mechanism of the product crisis and its impact on the firm
value. It proposes a two-stage model to avoid the endogeneity of product-harm crises. In the first stage, this paper assesses the
effect of firms’ leverage on their capacity to produce higher quality products. In the second stage, this paper conducts the impact of
these crises on stock prices. *en, it depicts the financial effects of product-harm crises over time, and analyzes the differences of
such effects based on brand equity. Results show that book leverage can positively impact firms’ capacity to produce high-quality
products. In addition, the market’s response to product-harm crises is significant at 1% level, and with the increase in severity, the
market reaction is more prominent. Furthermore, its negative effect is persistent for a firm experiencing a severe crisis. Luckily,
brand equity can mitigate this negative impact.*ese findings provide some ways to improve product performance and firm value
in the green context.

1. Introduction

*e Chinese government advocates harmonious coexistence
between humans and nature, and sticks to the path of green
and sustainable development. A huge amount of related
work has been conducted [1, 2]. However, limited product-
harm work has been conducted under the concept of green
development. When a product-harm crisis occurs, it causes
product recalls or product discards, resulting in a secondary
pollution to the environment. *e secondary pollution goes
against the company’s low-carbon economy and green de-
velopment. Also, a product-harm crisis is potential for
customers’ economic loss, serious illness or injury, and even
death [3]. Moreover, the crisis can affect a firm’s reputation
and value, and interrupt the supply and financial chain,
leading to its bankruptcy, such as the Sanlu group [4, 5]. In
such a complex context, it is worth exploring the underlying
mechanism and external influence of the product-harm
crisis.

*e product-harm crisis is a knotty issue created by
defective or dangerous products [6, 7]. As shown in a

previous study [8], the episode of a product-harm crisis
includes initial negative event, firm’s recovery strategy, and
post-recovery. Much work has been done in the firm’s re-
covery field, including the analysis of product recalls [9–12],
the classification of firms’ behavior [13–15], and the analysis
of brand attributes [16–19]. However, limited work has been
conducted in the stage of initial negative events, such as the
type of crises or the severity of crises [8].

Furthermore, lots of recent work has focused on firms or
investors [10, 11, 20], although early product-harm work
focused on consumers [19, 21, 22]. *e reason is that the
overall effect of these crises is reflected in the stock returns
immediately and directly [23]. Such an effect reveals investor
perceptions of firm value [24]. As seen in the recent case of
the Changsheng group (http://news.windin.com), the dan-
gerous lyophilized human rabies vaccine has caused many
infants to be disabled or even die. Following that, its stock
price plunged sharply, from 24.55 yuan to 1.51 yuan, a drop
of nearly 94 percent.

Research has found that most studies concerning the
impact of product-harm crises are limited to developed
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countries [25]. Still, some industries with frequent product-
harm crises receive much less attention (e.g., clothing and
information technology industries). *us, this paper in-
cludes a variety of industries from China. It covers 208 cases
from different industries, such as medicine products, ma-
chinery equipment, clothing, food, as well as information
technology industry. *en, the paper examines the factor
and effect of the incidence and severity of initial crises.

In addition, regarding the product-harm work, the
majority treats time as a control factor, and not much lit-
erature considers the impact of such crises over time [8].
*erefore, it is valuable to depict the financial effect of
product-harm crises over time. Moreover, extant work of
product-harm crisis has to pay much attention to brand-
related mediators. But, the findings are contradictory [18].
*ese two contradictory findings are as follows: brand equity
buffers the negative effect affected by a crisis [3, 19, 21, 26],
and brand equity is a trouble in the case of a crisis [27, 28].
From a new perspective, the investors’ standpoint, this paper
can provide a new evidence for the buffer effect of brand
equity, by analyzing the differences in the negative effect
between high brand equity and low brand equity.

In a nutshell, this paper aims to examine the internal
factors and financial effects of incidence and severity of
product-harm crises from a wide range of industries in a
developing country. *is paper firstly considers financial
leverage influencing product-harm crises to address the
endogenous issue. By doing so, it provides more conclusive
and persuasive evidence that supports negative market re-
action to initial product-harm crises. *is paper then pic-
tures the financial impact of these crises over time.
Furthermore, through analyzing the differences in financial
impact of most severe crises, this study finds that high brand
equity can mitigate this financially negative effect.

2. Hypothesis

*e effect of product-harm crises is reflected in the stock
market directly. Extant studies have explored the financial
effect of product-harm crises from different viewpoints.
Firstly, from the perspective of industry, it is discussed that
the fluctuations of stock prices in different industries after
the product recall, especially in the automotive and phar-
maceutical industries [4, 29–31]. Secondly, from the char-
acteristics of the firm, the impact of product-recall strategies
or CEO characteristics on the stock price of the firm has been
discussed [11, 20, 32]. *irdly, from the characteristics of
crisis, such as the severity of product recall, the literature
explores the impact of crisis characteristics on stock price
movements [23].

Almost all these studies identify product-harm crises by
product recalls and encompass the field of firm’s recovery.
However, as developing countries lack sound rules and
regulations, the cases of product recalls per year are very
limited. Research has only found 42 cases of product recalls
from various industries in China, spanning 10 years [4].
Among these product recalls, 20 cases were in the auto-
mobile industry. Furthermore, limited product-harm work
has focused on the initial negative events. *us, this paper

focuses on the initial product-harm crises amid the green
development scenario. *e top priority is to study the in-
ternal factors of product-harm crises. *en, it examines the
negative impact of such crises and to find effective solutions
based on firm characteristics.

2.1. Financial Conditions Contributing to Product-Harm
Crises. Some firms are more likely to experience product-
harm crises due to their inherent characteristics. A string of
articles prove that financial leverage may boost investments
in firms, which will reduce the probability of such crises.
Brander and Lewis [33] have suggested that leverage usage to
shareholders can provide risk-shifting incentives at the
expense of benefits to bondholders. By doing so, managers
have the motivation to take out debt and increase their
investments in firms to get a strategic advantage over their
industry counterparts [34]. Furthermore, financially poor
firms improve their investments throughmoney subsided by
debt holders. As a consequence, these firms are more likely
to get out of financial trouble and produce high product
quality in the future using “someone else’s money” [35]. In
addition, another benefit of levered firms is that leverage can
motivate managers and their organizations to be more
competitive in operational management and more attentive
to product market concerns [36]. Specially, debt taking
forces managers to bond their promises to debt service
payments. *e threat posed by crises to repay debt is an
effective motivation to make these managers and organi-
zations more effective, thus leading to high product quality.
*ese theoretical predictions have been supported by the
empirical evidence presented by Campello and Fluck [37],
which shows that firms with more debt have outperformed
their industry counterparts. *us, the following hypotheses
are proposed:

Hypothesis 1a: the incidence of product-harm crises is
negatively related to the financial leverage.
Hypothesis 1b: the severity of product-harm crises is
negatively related to the financial leverage.

2.2. "e Impact of Product-Harm Crises on Stock Prices of
Firms. A product-harm crisis means that there are problems
in the firm’s production and operation process. Such a crisis
can seriously damage a firm’s image. Even worse, the quality
of the product and the underlying information behind it will
hit investors’ confidence, which will immediately be re-
flected in the stock price. *us, these investors make neg-
ative expectations about the development of the firm based
on signal theory [38]. *en, investors will throw out their
shares of the firm, which will lead to a decline in the stock
price. What’s more, investors’ reaction to damage is more
drastic than the reaction to an equivalent earnings, sup-
ported by the prospect theory [39]. Applied to product-harm
crises, it is expected that investors focus more on potential
losses than on potential gains in revenues [40]. Based on
investors’ loss aversion, this paper assumes that the inci-
dence of product-harm crisis is negatively associated with
stock prices.
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Furthermore, the severity of product-harm crises is the
degree of potential harm resulting from a product hazard.
Rogers has noted that people will take more intense mea-
sures to protect themselves from external harm as the risks
they face increase, suggested by the theory of protection
motivation [41]. As a source of risk for consumers, product-
harm crises will undoubtedly cause psychological panic and
worry among the public.*is psychological state leads to the
unsalable products of the involved firm and the decline of
the market position. In addition, a serious hazard is more
likely to get much media attention [28, 42]. It conveys more
frequent and vivid signals to consumers about harm to their
health, resulting in greater circumspection about purchasing
products from the affected firm. Investors incorporate these
messages, intensified by their loss aversion, into their as-
sessment of sales in the future [23]. *us, the following
hypotheses are proposed:

Hypothesis 2a: the incidence of product-harm crises is
related to a negative stock market response.
Hypothesis 2b: the more severe the product-harm
crises, the more negative the stock market response will
be.

3. Sample Construction and
Data Characteristics

3.1. Sample Construction. *is paper identifies product-
harm crises by searching the Wind database, China Food
and Drug Administration (CFDA), State Administration for
Market Regulation (SAMR), and Sina. We include A-share
listed corporations from 2014 to 2017. *e sample of firms
needs to be China based and either listed on the Shanghai
Stock Exchange (SHSE) or the Shenzhen Stock Exchange
(SZSE). Stock prices are secured from the CSMAR database.

*is paper then reports the distribution of sample by
year in Panel A, industry in Panel B, and manufacturing
industry in Panel C of Table 1. Panel A comprises 207 final
samples. Of these, 34.78% of the samples occurred in 2017.
Some firms have undergone more than one product-harm
crisis during 2014–2017. Regarding the distribution of in-
dustries, manufacturing industry is the top list with the most
reported subindustries. *us, it represents the subindustry
distribution of the manufacturing sector in Panel C. And,
there are 9 two-level INC industries (industry classification
code) in manufacturing sector. *e frequency of events
occurring in C8, C7, C1, and C0 industries decreases
successively.

3.2. Data Characteristics of Product-Harm Crises and Control
Firms. Table 2 reports univariate comparisons between
product-harm crises and control firms on the basis of fi-
nancial condition and other variables that can impact
product-harm crises [43] and CARs [44]. *e variables that
could impact product-harm crises include Book leverage,
Size, Sales, and the Number of suppliers [43–45]. Other
variables that can impact CARs consist of R & D intensity,
Book to market, and Net income. More specially, Book

leverage, Size, Sales, R & D intensity, Book to market, and
Net income are calculated at the end of the previous year and
are obtained from the CSMAR database. *e number of
suppliers is obtained from the WIND database.

Table 2 reports the univariate comparisons between
product-harm samples and control samples. *e sample
period is 2014–2017. Control samples are the firms that
belong to the same 3-level INC industry (industry classifi-
cation code) as the product-harm firm provided and they
were not announced with product-harm crises during
2014–2017. *e total assets of control firms are similar to
that of product-harm firms. T-Stat provides the t-statistic
from a t-test for equality in means between the product-
harm firms and control firms. Z-Stat provides the z-statistic
for the equality of medians between the product-harm firms
and control firms. ∗∗∗, ∗∗, and ∗ indicate significance at 1%,
5%, and 10%, respectively.

Of all these, Book leverage represents the sum of the
long-term debt and debt in current liabilities divided by total
assets. *e logarithm of the total asset is regarded as a proxy
for firm size. Sales represents the logarithm of sales as an
indicator for firm’s continuing income. Number of suppliers
presents the number of key suppliers of the firm, which is
obtained from the WIND database. Because it is difficult to
get the number of suppliers of the firm every year, this paper
assumes that the number of suppliers is constant in different
years. R &D intensity is defined as R &D spending over total
assets.

Book to market is the firm’s book-to-market ratio as an
indicator for the firm’s value. High Book to market means
high value and low growth, and vice versa. Net income is the
logarithm of net income from operating activities, which
represents a net sustainable income.

In Table 2, the univariate statistics on the variables for
product-harm crises and control firms are presented.
Control firms are firms belonging to the same 3-level INC
industries as the product-harm firms with a similar total
asset but have not experienced a product-harm crisis in any
of the years during 2014–2017. *is paper then performs a t-
test to test for the equality of means between the product-
harm samples and control samples. A Wilcoxon rank-sum
test is also performed to test for the equality of medians. As a
result, this paper finds that product-harm firms have sig-
nificantly higher Size, Sales, and Net income than control
firms.

4. Market Reaction upon Announcement of
Product-Harm Crises

Event study methodology (ESM) [46–49] is a well-established
approach that has been widely applied to assess the effect of
particular events on firms or investors, such as product recalls
[32, 43], merger and acquisition announcements [50], CEO
scandals [44], and banking crises [51]. *erefore, this paper
utilizes ESM to assess the impact of product-harm crises on
stock returns in China [4].

In essence, an unexpected event is observed to generate
significant abnormal stock returns (AR), which indicate the
market’s estimate of a firm’s value in the future. *e
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advantage of ESM is that it identifies stock price volatilities
due to a firm-specific event [52]. Utilizing ESM, this paper
calculates abnormal returns (AR) of the product-harm crisis,
which reflect the financial impact of such an event.*e value
of Abnormal returns (AR) is measured as the difference
between actual returns and expected returns around the time
of the event. Cumulative abnormal returns (CARs) reflect
the cumulative effects of the firm-specific event. When the
value of CARs is negative, it indicates that the event is
unfavorable. In this case, the event usually leads to the
prediction of negative future profitability.

To test the market reaction to the incidence and severity
of product-harm crises, this paper uses the event study
methodology. *e earliest announced day of product-harm
crisis is treated as the event date. *en, it measures

Cumulative Abnormal Returns (CARs) over a few days
around the publicity of product-harm crises. *e value of
CARs is the sum of the abnormal returns during our
windows of interest. Since many product-harm crises are
first discovered before public date, the information has been
leaked to the market before being made public. *is paper
then computes CARs prior to the event date to cover for the
news leakage. *us, the windows include (−5, +1), (−10, +1),
(−10, +5), (−1, +10), and (−10, +10), with day 0 representing
the day that the product-harm crisis is made public.

To predict forecasted daily returns, this paper uses four
approaches as given below. *e paper firstly utilizes the
Fama-French three-factor model to predict daily returns
[53].*en, it computes the abnormal return for firm i on day
t (ARit) as given below.

Table 1: Frequency of product-harm crises and industries covered in product-harm sample.

A: frequency of product-harm crises by crisis type
Year of product-harm crises Freq. Percent Cum.
2014 38 18.27 18.27
2015 55 26.44 44.71
2016 72 34.62 79.33
2017 43 20.67 100.00
2014–2017 208 100.00 100.00
B: industries covered in product failure sample at 1-level INC level
1-level INC Description of industry Number of product-harm crises Percent Cum.
A Agricultural 1 0.48 0.48
C Manufacturing industry 165 79.71 80.19
D Water production and supply 2 0.97 81.16
G Information technology industry 19 9.18 90.34
H Whole income and retail trade 18 8.70 99.03
J *e real estate industry 1 0.48 99.52
M Comprehensive industry 1 0.48 100
C: industries covered in manufacturing product failure sample at 2-level INC level
C0 *e food and beverage industry 19 11.52 11.52
C1 Textile clothing and fur 29 17.58 29.10
C3 Paper and printing 1 0.61 29.71
C4 Petroleum, chemicals, and plastics 18 10.91 40.62
C5 Electronic engineering 1 0.61 41.23
C6 Metal and nonmetal 11 6.67 47.90
C7 Machinery, equipment, and instrumentation 32 19.39 67.29
C8 Medicine and biological products 52 31.52 98.81
C9 Other manufacturing 2 1.21 100
In Table 1, panel A presents the frequency and percent of product-harm crises in our product-harm sample by public traded corporations during 2014–2017.
Panel B shows the different 1-level INC (industry classification code) industries covered in our product-harm sample, as well as the number and percent of
product-harm crises under each 1-level INC industry. Panel C reports the different 2-level INC (industry classification code) industries covered in our
manufacturing product-harm sample, as well as the number and percent of product-harm crises under each 1-level INC industry.

Table 2: Univariate comparisons between product failure samples and control firms.

Variable
Product failure sample Control sample

T (Z) Stat
Obs Mean Median S.D. Obs Mean Median S.D.

Book leverage 207 0.393 0.360 0.181 207 0.400 0.393 0.198 −0.390 (0.241)
Size 207 22.703 22.554 1.189 207 22.591 22.417 1.128 −5.092∗∗∗ (−4.853∗∗∗)
Sales 207 22.413 22.168 1.355 207 22.014 21.970 1.297 −7.270∗∗∗ (−6.848∗∗∗)
Number of suppliers 180 3.222 3.000 2.244 170 3.741 5.000 2.392 1.601 (1.624)
R & D intensity 195 0.021 0.015 0.054 185 0.020 0.016 0.015 −0.487 (0.916)
Book to market 199 0.813 0.543 0.748 207 0.803 0.535 0.844 −0.067 (−0.756)
Net income 188 19.966 20.035 1.431 176 19.666 19.795 1.539 −2.931∗∗∗ (−2.669∗∗∗)
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ARit � Rit − αRPt + βSMBt + χHMLt + RFt( . (1)

Rit is the return of firm i on day t. RPt is the market risk
premium factor, the difference between the daily market
return rate of the cash dividend reinvestment (the total
market capitalization weighted average method) and the
daily risk-free interest rate (the central bank announces the
three deposit benchmark interest rate). SMBt (small minus
big) is the result of the returns of small-stock portfolios
minus the returns of big-stock portfolios. HMLt (high
minus low) is the difference between the returns of high
and low book-to-market equity portfolio with about the
same weighted average size. RFt is the daily risk-free in-
terest rate. Because the change of RF is small, the biggest
change is only 0.004% during our sample period of
2014–2017; this paper assumes that it is constant. α, β and c

are parameters to estimate. *e model is evaluated by
utilizing the daily returns over the estimation period (−200,
−11) as presented in

Rit � αRPt + βSMBt + cHMLt + RFt + εjt. (2)

Second, the research also calculates CARs using the
method of Fama-French five-factor model to predict daily
returns [24].*is model is constructed by adding two factors
to the Fama-French three-factor model. *e two additional
factors are profitability and investment factors.

In addition, this paper uses the average of the daily
returns over the estimation period (−200, −11) as forecasted
returns to measure CARs [44]; calling it the e-period model
here. Furthermore, the market model is utilized to predict
daily returns.*is paper then computes the abnormal return
for firm i on day t (ARit) as follows:

ARit � Rit − αRPt + βRmt( . (3)

Rit is the return of firm i on day t, Rmtis the return of the
CSMAR equally weighted Index, α and β are parameter
estimates. *e model is estimated using daily returns over
the period (−200, −11) as presented in

Rit � αRPt + βRmt + εit. (4)

Next, product-harm crises are classified into three cat-
egories referring to FDA (U.S. FOOD & DRUG ADMIN-
ISTRATION) severity classification criteria. Class I events
are the least severe; Class II events can induce temporary,
medically reversible adverse health consequences or major
financial loss; and Class III events being the most severe are
likely to induce adverse health consequences or death [43].
For events that are not sufficiently detailed, the paper cannot
judge the severity from the announcements and do not
classify them. *en, two subsamples are obtained, one in-
cluding Class II and Class III, and the other including Class
III only. A t-test is performed to test for the means of CARs
equal to zero, containing the whole sample and two

subsamples, respectively. Panel A of Table 3 presents the
means and t-test of CARs. More specifically, this paper
measures CARs for event periods surrounding the public
dates of the product-harm crises. Findings demonstrate that
the mean CARs are negative across all the event periods,
either for the whole sample or for the other two subsamples.
Of the 60 mean CARs, 59 are significant at the 10% level or
better and 31 are significant at the 1% level. *us, the
negative CARs confirm the hypothesis that investors re-
spond unfavorably to public product-harm crises. For the
overall sample of product-harm crises, 9 of the 20 mean
CARs are significant at the 1% level. For the subsample of
Class II & Class III, 10 of the 20 mean CARs are significant at
the 1% level. For the subsample of Class III, 12 of the 20
mean CARs are significant at the 1% level. *is supports the
fact that severity of product-harm crises can contribute to
CARs.

However, results find that the mean CARs computed
by the Fama-three model and the Fama-five model are not
affected by severity of product-harm crises. Furthermore,
for overall samples, their (−1, +10) event windows have
mean CARs of −2.187%, −2.400%, respectively, with the
highest t-Stat. But the mean CARs by the e-period model
and market model are contributed by severity of product-
harm crises. For product-harm samples, their (−5, +1)
event windows have mean CARs of −1.800%, −1.963%,
respectively, with the highest t-Stat. To further verify
whether the severity of product-harm crises has an im-
pact on stock price anomalies, a nonparametric test,
Kruskal–Wallis, is performed to test CARs computed by
the e-period model and the market model. *e results are
presented in panel B of Table 3, which also support the
fact that severity of product-harm crises can contribute to
CARs.

Moreover, this paper needs to disentangle the impact
of the financial condition, firm size, sales, and the number
of suppliers from incidence/severity of the product-harm
crises to determine the true effect of the latter on the
firm’s share price. *is paper then uses the two-stage
procedure to control for this endogenous issue. In the
first stage, a probit regression model and an ordered
probit regression model are applied, respectively, to es-
timate the propensity that a firm is influenced by inci-
dence/severity of product-harm crises. In the second
stage, this paper derives the R & D intensity, Book to
market, and Net income that are employed in the cross-
sectional analysis of the CARs.

4.1. "e Likelihood Being Affected by Product-Harm Crises.
Firstly, the hypotheses about the factors that impact the
incidence/severity of product-harm crises are empirically
investigated. *e main models are probit regressions and
ordered probit regressions, respectively. *ey are shown as
follows:
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Incidencei,t

Severityi,t

Incidencei,t � 0, 1
severityi,t � 0, 1, 2, 3

  � α0 + α1Book leveragei,t−1 + α2Sizei,t−1 + α3Salesi,t−1 + α4Number of suppliersi,t−1

+
Year and

or industry dummies
+ εi,t.

(5)

In the above model, the dependent variables are Inci-
dence and Severity, respectively. Incidence is a dummy
variable that takes the value 1 if a product-harm crisis occurs
for firm i in year t, and 0 for control firms in our sample.
Severity is a dependent variable, which is set to 1 for Class I
events (the least severe product-harm crises), 2 for Class II
events, 3 for Class III events (the most severe product-harm
crises), and 0 for control firms in our sample. All inde-
pendent variables are lagged by one year to help ease
concerns about reverse causality [43].

*e regression results are presented in Table 4. Col-
umns (1) and (4) include Book leverage, Size, Sales, and

calendar year dummies. Number of suppliers is added in
Columns (2) and (5), and 1-level INC industry dummy is
added in Columns (3) and (6). *e table shows marginal
effects with their P-values in parentheses. *ese P-values
are based on heteroskedasticity robust standard errors and
are clustered by firm. *e results are showed in the six
columns.

Specifically, results find that the relation between the
Incidence/Severity and book leverage is negative in all
models. *e coefficient is higher when the model includes
Number of suppliers and 1-level INC industry dummies in
Columns (3) and (6). Such results imply that higher leverage

Table 3: Announcement effects of product-harm crises.

A: parameter test

Estimation
method

Event
windows

(1) product-harm crises (2) class II & class III (3) class III
Mean
(%) t-Stat. N Mean (%) t-Stat. N Mean

(%) t-Stat. N

Fama-three

(−5, +1) −1.618 −3.07∗∗∗

209

−2.214 −3.05∗∗∗ 134 −2.279 −2.78∗∗∗

107
(−10, +1) −1.699 −2.07∗∗ −3.154 −2.67∗∗∗ 134 −3.246 −2.34∗∗
(−10, +5) −2.343 −2.30∗∗ −3.815 −2.54∗∗ 134 −3.855 −2.30∗∗
(−1, +10) −2.187 −4.10∗∗∗ −2.112 −2.97∗∗∗ 134 −2.430 −3.31∗∗∗
(−10, +10) −3.266 −3.03∗∗∗ −4.647 −2.96∗∗∗ 134 −4.724 −2.77∗∗∗

Fama-five

(−5, +1) −1.646 −2.74∗∗∗

208

−2.285 −2.64∗∗∗ 133 −2.268 −2.24∗∗

106
(−10, +1) −1.570 −1.71∗ −3.078 −2.29∗∗ 133 −2.910 −1.86∗
(−10, +5) −2.209 −1.97∗ −3.836 −2.29∗∗ 133 −3.681 −1.92∗
(−1, +10) −2.400 −3.76∗∗∗ −2.412 −2.69∗∗∗ 133 −2.636 −2.69∗∗∗
(−10, +10) −3.229 −2.62∗∗∗ −4.696 −2.55∗∗ 133 −4.523 −2.21∗∗

E-period

(−5, +1) −1.800 −2.99∗∗∗

209

−2.602 −3.42∗∗∗ 134 −3.579 −4.13∗∗∗

107
(−10, +1) −1.505 −1.81∗ −3.075 −2.87∗∗∗ 134 −3.878 −3.30∗∗∗
(−10, +5) −1.812 −1.72∗ −2.938 −2.06∗∗ 134 −4.073 −2.70∗∗∗
(−1, +10) −1.717 −1.72∗ −1.400 −1.17 134 −2.531 −1.84∗
(−10, +10) −2.551 −1.88∗ −3.560 −1.95∗ 134 −5.053 −2.52∗∗

Market model

(−5, +1) −1.963 −3.80∗∗∗

210

−2.818 −4.29∗∗∗ 136 −3.612 −4.95∗∗∗

109
(−10, +1) −1.502 −1.98∗∗ −3.141 −3.12∗∗∗ 136 −3.736 −3.32∗∗∗
(−10, +5) −1.724 −1.82∗ −3.191 −2.41∗∗ 136 −3.899 −2.75∗∗∗
(−1, +10) −2.446 −2.72∗∗∗ −2.568 −2.26∗∗ 136 −3.647 −2.84∗∗∗
(−10, +10) −2.957 −2.37∗∗ −4.371 −2.50∗∗ 136 −5.493 −2.85∗∗∗

B: nonparametric test

Estimation
method

Event
windows

Kruskal–Wallis test Estimation
method

Event
windows

Kruskal–Wallis test
chi2-
value P-value chi2-

value P-value

E-period

(−5, +1) 15.927 0.0003∗∗∗

Market model

(−5, +1) 18.705 0.0001∗∗∗
(−10, +1) 19.090 0.0001∗∗∗ (−10, +1) 24.004 0.0001∗∗∗
(−10, +5) 14.039 0.0009∗∗∗ (−10, +5) 13.565 0.0011∗∗∗
(−1, +10) 4.582 0.1011 (−1, +10) 6.080 0.0478∗∗
(−10, +10) 10.312 0.0058∗∗∗ (−10, +10) 11.181 0.0037∗∗∗

In panel A, CARs are shown for the windows in days around the event date. *e windows are as follows: (−5, +1), (−10, +1), (−10, +5), (−1, +10), and (−10,
+10). In methods 1 and 2, this paper utilizes Fama-French three-factor model and Fama-French five-factor model, respectively. In addition, it uses E-period
andMarket model in methods 3 and 4. In panel B, Kruskal–Wallis is employed to test the impact of severity of product-harm crises on stock price anomalies,
which is calculated from e-period model and market model.
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for China’ firms can hinder the incidence of failures and
degrade the hazard of crises. *ese findings are consistent
with the view that higher debt can help firms get out of
financial trouble, and get a strategic advantage over their
industry counterparts. *ese findings also agree with the
notion that higher leverage may motivate managers and
their organizations to be more efficient in operational
management and more attentive to product market con-
cerns, which lead to higher product quality. Our hypothesis
1a and 1b are supported by these.

Furthermore, there is a significant negative relation
between the Incidence/Severity and Size in all models. *e
smaller firms are more likely to have product-harm crises
and their severity is higher. An explanation for this is that a
large firmmight have more to lose from product-harm crises
than a smaller firm, and may therefore have stricter product
quality control processes than smaller firm. Hence, the
probability and severity of product-harm crises decrease in
larger firms compared to smaller firms. Results then find that
there exists a positive relation between the Incidence/Se-
verity and Sales. Higher sales may imply greater production
output, increasing the probability of incidence and severity
for product-harm crises. Finally, results do not find a re-
lation between the incidence/severity of product-harm crises
and the Number of suppliers.

4.2. "e Short-Term CARs Being Affected by Product-Harm
Crises

4.2.1. CARs Being Affected by Product-Harm Crises.
Results find that the mean CARs computed by the Fama-
three model and the Fama-five model are not affected by
severity of product-harm crises. For overall samples, their
(−1, +10) event windows have mean CARs of −2.187%,
−2.400%, respectively, with the highest t-Stat. *us, this
section uses (−1, +10) CARs computed by the Fama-three
model and the Fama-five model as dependent variables. But
the mean CARs calculated by the e-period model and the
market model are contributed by severity of product-harm
crises. For product-harm samples, their (−5, +1) event
windows have mean CARs of −1.800%, −1.963%, respec-
tively, with the highest t-Stat. *erefore, this section uses
(−5, +1) CARs computed by the e-period model and the
market model as dependent variables.

Multiple regression analysis is employed to account for
the variations in the CARs as presented in equation (6). *e
regression enables us to establish whether the variable in-
cidence/severity of product-harm crises is significantly as-
sociated with the CARs after controlling for other firm
characteristics. It is expected that the value of the coefficient
of incidence/severity is significantly negative. *is negative
coefficient reflects the unfavorable share price reaction to
public product-harm crises.

CARsi,t � α0 +
α1Incidencei,t

Severityi,t

+ α2Book tomarketi,t−1 + α3R&D intensityi,t−1

+ α4Net incomei,t−1 +
Year and

or industry dummies
+ εi,t.

(6)

Table 4: *e likelihood being affected by incidence/severity of product-harm crises.

Dep. variables
Incidence Severity

(1) (2) (3) (4) (5) (6)

Book leverage −0.836∗ −1.035∗ −1.037∗ −0.669 −0.924∗ −0.995∗
(0.084) (0.067) (0.068) (0.159) (0.086) (0.071)

Size −0.468∗∗∗ −0.402∗∗ −0.402∗∗ −0.387∗∗∗ −0.345∗∗ −0.351∗∗
(0.004) (0.028) (0.030) (0.006) (0.029) (0.026)

Sales 0.566∗∗∗ 0.541∗∗∗ 0.541∗∗∗ 0.505∗∗∗ 0.495∗∗∗ 0.496∗∗∗
(0.000) (0.001) (0.001) (0.000) (0.000) (0.000)

Number of suppliers −0.052 −0.052 −0.046 −0.047
(0.209) (0.210) (0.221) (0.216)

Year dummies Yes Yes Yes Yes Yes Yes
Industry dummies No No 1-level INC No No 1-level INC
Observations 413 350 350 407 343 343

Wald 17.96∗∗∗ 15.74∗∗ 15.81∗∗ 558.07∗∗∗ 553.29∗∗∗ 530.31∗∗∗
(0.0063) (0.0276) (0.0453) (0.0000) (0.0000) (0.0000)

Table 4 presents estimation results of the incidence and severity for product-harm events by listed firms during 2014–2017. *e dependent variables are
incidence and severity. Incidence is a dummy variable, which is set to 1 for firms in the product-harm sample, and 0 for control firms. Severity is an ordered
rank variable, which is set to 1, 2, or 3 for firms in the product-harm sample according to the severity of the event, and 0 for control firms. Columns (1) and (4)
contain estimation results when they include Book leverage, Size, Sales, and calendar year dummies. Columns (2) and (5) contain estimation results when they
add Number of suppliers. Columns (3) and (6) contain estimation results when they add 1-level INC industry dummies. Marginal effects are presented in the
table. Presented P-values in the parentheses are based on heteroskedasticity robust standard errors. *ese P-values are clustered by firm. ∗∗∗, ∗∗ , and ∗
indicate significance at 1%, 5%, and 10%, respectively.
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In equation (6), Book tomarket is the firm’s book-to-market
ratio, an indicator for firm’s value–low-value firms are related to
low book-to-market, and vice versa. R & D intensity is the
research & development spending divided by total assets. Net
income is the logarithm of net operating income. Book to
market, R & D intensity, and Net income are calculated at the
end of the prior year and downloaded from the CSMAR da-
tabase. R & D intensity and Net income are included in control
variables.

4.2.2. Cross-Sectional Analysis of CARs. As product-harm
crises may be attributed to various factors including the fi-
nancial condition, firm size, sales, and the number of sup-
pliers, there exist a self-selection issue in product-harm
samples. For instance, a firm with small size is more likely to
have a product-harm crisis, thus making it more likely to be
included in the sample. By examining the impact of product-
harm crises on CARs, this section would have introduced a
risk of endogeneity into the analysis, caused by potentially
omitted variables that could affect the predicted variable. If
the endogeneity cannot be statistically corrected, biased co-
efficient estimates and faulty conclusions will follow [54]. To
address this potential endogenous problem, this section uses
the two-step regressions approach [55]. Table 5 presents the
findings of the two-step regressions on the firms’ CARs [56].

In the first stage, this section estimates the probability of
a firm being affected by incidence/severity of a product-
harm crisis, based on model (3) and model (6) from Table 4.
In the second stage, the dependent variables (−1, +10) CARs
is from the Fama–French three-factor model and the
Fama–French five-factor model in Columns (1) and (2).
*en (−5, +1) CARs are computed by the e-period model
and themarket model as dependent variables in Columns (3)
and (4). Incidence/Severity is an endogenous variable. In-
cidence is set to 1 for firms in the product-harm crises
sample, and 0 for the control sample. Severity is set to 1 for
Class I events (the least severe product-harm crises), 2 for
Class II events, 3 for Class III events (the most severe
product-harm crises), and 0 for control firms in our sample.
Book to market, R & D intensity, and Net income are in-
cluded as exogenous variables in the CARs regressions. R &
D intensity and Net income are regarded as control vari-
ables. Panel A contains results from the 2nd stage of the two-
stage estimation utilizing book leverage, size, sales, and the
number of suppliers as instruments from Panel B. All es-
timations include year dummies and 1-level INC industry
dummies.

*e primary focus is Incidence, which is employed to test
whether the product-harm crisis elicits an unfavorable share
price reaction. Results show that there exists a negative
relation between the CARs and the likelihood of a product-
harm crisis. Its coefficient is significantly different from zero
at 5% in both Columns (1) and (2). *is confirms that the
incidence of product-harm crises is related to negative
CARs, which also supports the univariate results reported
earlier in Table 3.

*e second focus is Severity, which is established to test
whether the severity of product-harm crisis elicits an

unfavourable stock market reaction. *e coefficient of Se-
verity is consistently negative and significant at least at 5% in
Columns (3) and (4). *is confirms that the severity of
product-harm crises is related to negative CARs and also
supports the univariate results reported earlier in Table 3.
*e finding means that a serious event is more likely to cause
a fall in share price. Furthermore, results find that the re-
lation between the CARs and Book to market is positive and
significant at the 10% level in Column (4). *is suggests that
value firms can relieve the effect of the severe hazard and
growth firms deepen it. *is is because growth firms’
products are often early in their product life cycle, with
uncertain revenues in the future [23]; investors react more
strongly to it when such a firm experiences a product-harm
crisis. Meanwhile, this result is consistent with the value
effect concept, which believes that value stocks outperform
growth stocks globally.

4.3. "e Differences in Negative Effect Affected by Product-
Harm Crises

4.3.1. "e Duration of the Negative Effect Based on Crisis
Severity. To further explore whether the effect of the product
crises is temporary or permanent, this section has examined
the duration of the negative effect based on its severity Since
Class II has a small number of samples, we put Class I and
Class II in the second group. Cumulative average abnormal
returns (CAARs) of Class I, Class II and Class II, and Class
III are plotted across event time for the event windows (−5,
90) in Figure 1. *e figure shows that the stock price fell
upon publicity of the product-harm crisis. But the pattern of
CAARs diverged by severity of product-harm events. For
firms experiencing a Class I event (the least severe), their
stock prices stopped decreasing after 60 days. A similar
pattern was found for the second group (Class I and Class
II), although the decline in stock prices halted at about 70
days. *e nadir of its CAARs was roughly −0.1. Following
the firms with a Class III event (the most severe), the trend
line was steeper. Still, the stock price did not recover and the
CAARs reached roughly −0.17 within 90 days after the event.
Such a result suggests that its negative effect is persistent
when a product-harm event with a Class III hazard occurs.
*erefore, the duration of the negative reactions varied with
the severity of product-harm crises. *is result provides
evidence to further support H2a and H2b.

4.3.2. "e Difference of Negative Effects Based on Brand
Equity. As the negative effect of a firm with Class III hazard
is persistent and significant, this section compares the 25
firms experiencing the lowest drops in stock prices with 25
firms having the highest drops in stock prices, based on
brand equity. *ese drops in stock returns are measured
during the event window (−5, +1) by the market model.

Brand equity has been defined as an added value that is
given to a product [57, 58]. More comprehensively, brand
equity is identified as the brand value that stems from a high
level of brand loyalty, perceived quality, name recognition,
and strong brand associations as well as assets related to the
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brand, such as trademarks, patents, and distribution
channels [59]. *is paper thereby treats brand equity and
brand value equally. Also, these two terms can be used
interchangeably and high brand equity means a valuable
brand [60]. Furthermore, higher brand equity of a firm is
called strong brand, otherwise it is a weak brand.

In the product-harm research, there exist two different
claims regarding the effect of brand equity. Some scholars
found that brand equity buffers against the negative impact,
but others claimed that brand equity is a liability when faced
with crises. For instance, some research has found that
strong brands are less vulnerable to the negative impact of

corporate crises [19–21]. But some literature documents that
higher brand equity means higher expectation, which can be
a trouble in case of a product-harm event [27, 28]. *en, this
section examines whether high brand equity can resist the
harmful effect of product-harm crises in China from a in-
vestor perspective.

Next, this section identifies those brands that appeared
on the China’s 500 Most Valuable Brands (CMVB) list at
least once from our sample period as strong brands [20].*e
remaining brands are classified as weak brands. It sets a
dichotomous variable that takes the value 1 to present a
strong brand and 0 otherwise. Among the firms with lowest

Table 5: CARs being affected by incidence/severity of product-harm crises.

Panel A Dep. variables CARs CARs from Fama3 CARs from Fama5 CARs from e-period model CARs from market model
(1) (2) (3) (4)

Incidence/severity −0.025∗∗ −0.023∗∗∗ −0.008∗∗ −0.008∗∗∗
(0.017) (0.010) (0.014) (0.003)

Book to market 0.004 0.001 0.004 0.007∗
(0.246) (0.790) (0.420) (0.092)

Control variables Yes Yes Yes Yes
Panel B instrument in the first stage

Book leverage −1.023∗ −0.996∗ −0.911∗ −0.995∗
(0.071) (0.079) (0.096) (0.071)

Size −0.396∗∗ −0.408∗∗ −0.379∗∗ −0.351∗∗
(0.031) (0.026) (0.015) (0.026)

Sales 0.532∗∗∗ 0.535∗∗∗ 0.487∗∗∗ 0.496∗∗∗
(0.001) (0.001) (0.000) (0.000)

Number of suppliers −0.055 −0.055 −0.047∗∗∗ −0.047
(0.180) (0.187) (0.215) (0.218)

Industry dummies 1-level INC 1-level INC 1-level INC 1-level INC
Observations 398 397 391 392

Wald 38.29∗∗∗ 30.97∗∗∗ 51.29∗∗∗ 1636.95∗∗∗
(0.0014) (0.0089) (0.0000) (0.0000)

Table 5 shows results for the cross-sectional analyses of the (−1, +10) CARs from the Fama–French three-factor model and the Fama–French five-factor
model, and the (−5, +1) CARs from the e-period model (Compared to estimation period) and the market model during our sample period. Incidence is an
endogenous variable. It is set to 1 for firms in the product-harm sample, and 0 for the control sample. Severity is an ordered rank variable, which is set to one,
two, or three for firms in the product-harm samples according to the severity of the event, and zero for control firms. All estimations include year dummies
and 1-level INC. Column (1) and Column (2) are the results run in the Fama3 and Fama5 models, respectively, and Incidence is the endogenous variable.
Column (3) and Column (4) are the results run in the e-period model and the market model, respectively, and Severity is the endogenous variable. Presented
P-values in the parentheses are based on heteroskedasticity robust standard errors and are clustered by firm. ∗∗∗, ∗∗ , and ∗ indicate significance at 1%, 5%, and
10%, respectively.
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Figure 1: Cumulative average abnormal returns over time.
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drops in the stock price, 18 firms are strong brands, ac-
counting for 72%. In another group, 17 firms are weak
brands, accounting for 68%. *ese findings in Figure 2
suggest that strong brands can resist the negative effect of
the severe hazards. In the long run, building a strong brand is
very valuable. It can not only mitigate event risks but also
benefit firms and investors.

5. Conclusion

Under the concept of green development, this study focuses
on the initial stage of the product-harm crises to prevent
secondary pollution caused by product recall or product
disposal. To disentangle the effect of the inherent charac-
teristics of firms from incidence/severity of the product-
harm crises, it utilizes the two-stage procedure to control for
this endogenous issue.

Firstly, this paper documents that firms hit by product-
harm crises usually have a higher debt, and those with higher
leverage are less likely to be mired by product-harm crises.
Furthermore, such firms are less likely to undergo serious
crises. *ese findings imply that higher leverage can en-
courage managers and organizations to focus on product
issues. Moreover, results show that a large firm is less likely
to have crises. *is result is contrary to that of extant re-
search [43]. An explanation is that a large firm might have
more to lose from product-harm crises than a smaller firm.
Hence, the probability of incidence and the severity of crises
should decrease in larger firms, compared to smaller firms.

Secondly, the results of this study demonstrate that the
incidence and severity of product-harm crises have a sig-
nificant impact on the stock prices. Although previous lit-
erature has examined the effects of the incidence and severity
of product recall on stock market [4, 23], little research has
been conducted on the financial effect of initial crisis rather
than its recovery strategy. Also, this paper demonstrates the
financial effect of the incidence and severity of product-harm
crises and offers a precise “size” of negative effect of its initial
crisis. Results show that investors react adversely to product-
harm crises. Furthermore, the drops in stock price are
positively associated with the severity of product hazards.
*e result shows that firms with high potential growth
appear to have more negative stock prices. *is implies that
growth firms should take some appropriate actions to

reassure investors. For instance, such firms can announce
specific remedies for product issues when faced with
product-harm crises.

Moreover, regarding the differences of CARs over time
based on its severity, the duration of the negative reactions
varied with the severity of product-harm crises. Results show
that its negative effect is persistent when faced with the most
severe crisis. If they are not life-threating crises, the losses in
the stock market will stop in the near future. *ese findings
help firms to better understand the financial loss brought by
crisis over time, because most studies regard time as a
control variable, and limited studies consider the effect over
time [8]. *en this paper firstly considers the buffer effect of
brand equity from investors’ perspective. Results confirm
that brand equity can mitigate the negative effect in case of
serious crisis. Such results give a new support for the fact that
brand equity is a buffer rather than a trouble when faced with
a crisis [19, 21, 26, 27].

In short, this paper evaluates the probability of a firm
being influenced by incidence/severity of a crisis. *en,
results find that firms with higher debt, lager size, and small
sales are less likely to undergo product-harm crises. *is
provides new ideas for firms to better implement low-carbon
economy and green development. After that, it explores the
financial effects of incidence and severity of product-harm
crises as well as the potential growth. Next, this paper an-
alyzes the differences of CARs in cross section and that over
time based on its severity. Our findings give new insights for
firms to improve product performance amid the green
context. Furthermore, the findings present some ways to
enhance firm value in complex social networks.
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