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ABSTRACT
Using manufacturing survey data from China, we study the relationship between
firms’ anticipatory investment (or in other words, willingness to invest) in the
short-run future and their perception of the current power crunch for small and
medium-sized enterprises (SMEs). Our findings reveal a robust and significant
negative association, suggesting a sizable persistent negative impact of the power
crunch on firms’ investment lingering over at least a couple of months. The dy-
namic impacts are very different at the industry level, with electricity-dependent
industries appearing to take more hits. However, we find no statistically significant
evidence to support the channel of electricity dependence in comparison with the
channel of capacity utilization. Moreover, we show that firms of smaller size suf-
fer disproportionately larger damage in future investment, which highlights the
importance of caring about SMEs, relative to big firms.
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1. INTRODUCTION

The power crunch has emerged as headline news since the third quarter of 2021. The en-
ergy crisis has been sweeping across the entire world. China and India, the world’s top two coal
producers, are on the verge of running out of coal, Europeans are paying skyrocketing prices for
natural gas, and Americans are contending with rising gasoline prices amid the fears of severe elec-
tricity shortages and even blackouts over the winter and beyond (IEA, 2022). The power crunch
poses another threat to the global economy that has been grappling with the new variants of the
coronavirus. Worse still, the electricity shortage derails the production of goods and tightens supply
chain bottlenecks from the very far upstream. The ongoing war between Russia and Ukraine, the
summer heatwave sweeping much of Europe and China, and the limited rainfall across the Northern
Hemisphere have contributed to making the situation even worse.

Media headlines focus on the challenges caused by the power crunch for large manufactur-
ers, such as the big automakers (e.g., Tesla and General Motors) and giant semiconductor foundries
(e.g., Nvidia and TSMC), as well as the implications for their profitability that are crucial for inves-
tors in the financial markets. However, relatively little is reported by the mainstream media about
the power crunch striking small and medium-sized enterprises (SMEs) that absorb the vast majority
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of employment throughout the world (Hardy and McCasland, 2021), which are also arguably the
economic growth engine for much of the developing world. To fill this void in the literature, we look
into the impacts of the power crunch on SMEs using manufacturing survey data from China.

There is a small yet burgeoning empirical literature that explores the impacts of the power
provision on firm performance. Reinikka and Svensson (2002) provides the first empirical evidence
that unreliable and inadequate electricity reduces firm investment in Uganda, which is reconfirmed
by Abeberese (2020) using Ghanaian data. Recent studies show that the electricity shortage has
negative impacts on firm employment, input sourcing, output, sales, profitability, and productiv-
ity with the help of microeconomic data primarily from low-income African countries (Hardy and
McCasland, 2021; Abeberese et al., 2019; Cole et al., 2018; Carlsson et al., 2020) and the world’s
two largest developing economies, China and India (Abeberese, 2017; Allcott et al., 2016; Rud,
2012a; Chen et al., 2022).! In response to the power shortage, firms are found to strategically invest
more in self-generation, especially in large and productive firms (Alby et al., 2013; Rud, 2012b;
Elliott et al., 2021), and use less flexible inputs such as intermediates and labor (Elliott et al., 2021).
Among these studies, only Hardy and McCasland (2021) and Abeberese et al. (2019) explore the
effects of power outages on small firms using data from Ghana. We aim to extend their work by
investigating the impacts of the power crunch on SMEs in China, which has a much larger economic
size than and very different economic setting from Ghana or other African countries.

Exploring the impacts of power crunch has renewed interest and bears important policy
implications. Traditionally, power crunch occurs only in developing countries that have insufficient
or unreliable supply (Bernstein and Hegazy, 1988). While it has been declining in the developing
world due to economic development, the reliability of power system is being challenged in the de-
veloped world due to new factors such as cyberattacks, natural disasters, and the energy transition.
In order to limit global warming, the developed world and some developing countries including
China, have committed to transitioning their energy system toward low carbon renewables, mainly
solar and wind power. Before storage technologies can be deployed economically and in a sufficient
scale, the power crunch will likely occur because these renewables are variable (Wang et al., 2019).
Understanding the impacts of power crunch on firms’ anticipatory investment thus reveals an extra
cost of the energy transition and such information is critical for governments to make informed
decisions on climate policies. Moreover, even in the developed world, power crunches are expected
to occur more often. Except the war and other geopolitical accidents, the more frequent extreme
climate events due to global warming and increasingly penetration of variable renewable energies
may cause more power crunches than otherwise.

Unlike the existing literature, including Hardy and McCasland (2021) and Chen et al.
(2022), that analyzes the contemporaneous effects of the power shortage on firm inputs and output,
this study examines how firms’ willingness to invest in the short-run future responds to a current
power crunch. While we have a good understanding of the size of the impacts of the electricity
shortage on firm investment, relatively little is known about the dynamics, or in other words, the
persistence of these impacts. The policy implications can be very different when the impact is short-
lived for just one period versus long-lived for multiple periods. Our manufacturing survey from
China records firms’ perception of the current power shortage and the willingness to invest in the
next three months, enabling us to directly estimate the effects of the power crunch on anticipatory
investment in the short-run future.? To the best of our knowledge, we are among the first to study

1. An exception is Elliott et al. (2021) that explores the impacts of power outage on firm performance using the World
Bank Enterprise Surveys in 2005 and 2015 for Vietnam.
2. Anticipatory investment refers to the amount of capital firms are willing to invest in the future.
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how current infrastructure provision impacts firms’ anticipatory investment behaviors. In general,
there is a lack of studies on firms’ anticipatory investment. Modigliani and Weingartner (1958) is a
rare case that employs firm anticipatory investment information to conduct economic forecasting.
However, research on what determines firms’ investment expectations (or equivalently willingness
to invest, and in our words, anticipatory investment) is basically missing.* Hence, our research goal
is to fill the gap by revealing the impacts of power crunch on firms’ anticipatory investment.

Our findings reveal that the power crunch has a significant negative impact on firms’ an-
ticipatory investment in the short-run future. In combination with the existing negative evidence on
current investment (e.g., Abeberese, 2020), it indicates that the impact of the power crunch on firms’
investment is persistent, as both firms’ current and future investment plans are disrupted.* It also
suggests substantial underestimation of the negative effects of the power shortage if we only look at
current investment reduction. Furthermore, the overall result using pooled data masks the important
heterogeneity at the industry level within the manufacturing sector. For most of the industries (e.g.,
chemicals, smelting, machinery), the negative impact is larger than in the pooled case. The negative
effect also seems to be rising with electricity dependence.

We further empirically explore potential mechanisms through which power crunch sup-
presses firms’ anticipatory investment. The data availability allows us to consider two channels, the
channel of electricity dependence (measured by electricity intensity) and the channel of capacity
utilization (measured by capital utilization). We obtain no significant evidence for the former but
strong empirical support for the latter. It seems that the power crunch tends to free up production
capacity and results in more idle capital stock, which in turn suppresses firms’ incentive to invest in
the near future.

Next, we conduct a pair of additional analyses to address the endogeneity concern. We
employ the product of industry-location average of power crunch and month-location extreme tem-
perature span to instrument for the potentially endogenous firm-level power crunch. The IV results
reconfirm a negative association between power crunch and firms’ anticipatory investment, and we
obtain slightly larger magnitudes for IV estimates, suggesting that the baseline estimations include
an upward bias. We also transform categorical variables in the baseline cases into binary variables
to get better economic interpretations for the estimates. It reveals that firms are 15%-50% less
likely to invest in the next three months if they perceive power crunch, depending on the empirical
specifications. Lastly, we provide additional evidence to highlight the importance of studying SMEs
to better understand the effects of power crunch on firms. Our heterogeneous analysis with respect
to size (measured as employment) reveals that the magnitude of the negative impacts of power
crunch on firms’ anticipatory investment increases with the reduction in firm size. It suggests that
the smaller firms of SMEs are the ones that are hit most by the negative impacts of power crunch in
our microdata.

The rest of the paper is organized as follows. In Section 2, we introduce our microeconomic
survey data on SMEs, and provide summary statistics for key variables. We first establish the base-
line regression model to examine the impacts of power crunch on anticipatory investment in Section
3, and then present the baseline regression results using linear and ordered probit estimations under
different specifications. We also explore heterogeneous effects of power crunch on firms’ antici-
patory investment, and look into the mechanisms through which power crunch may suppress firm

3. Notice that we use the three terms, investment expectation, willingness to invest, and anticipatory investment inter-
changeably in this study for the convenience of elaborations.

4. We also verify the negative impacts of power crunch on firms’ current investment using our data, and the results are in
the Appendix.
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investment in the near future. In Section 4, we conduct a host of additional analyses to address the
concern of endogeneity and economic interpretation of the estimates, and highlight the importance
of studying SMEs. We conclude and discuss policy recommendations in Section 5.

2. DATA

The microeconomic survey data we use in this paper are from the monthly Small and
Medium-sized Enterprises Dynamic Survey (SMEDS).> The SMEDS dataset includes firm-level
records on production and balance sheet, as well as the responses to subjective questions for SMEs
located in Zhejiang Province, China. Zhejiang Province is one of the most developed provinces in
China with a significant share of SMEs. More details about the survey and its contents can be found
in Cheng et al. (2021). Our sample spans the time period from August 2015 to August 2016, and
focuses on the manufacturing sector, which has more than 30,000 observations.5

The SMEDS dataset has several intriguing features. First, it is a unique dataset that in-
cludes subjective information on firms’ anticipatory investment in the near future and the perception
of a current power crunch. Unlike most datasets that record only current investment, the SMEDS
data survey firms’ expectation of investment in the next three months. It also collects firms’ current
perception of the electricity shortage, which is another variable missing in other datasets.” As far
as we know, the SMEDS dataset is the only data source that has information on both power crunch
and anticipatory investment at the firm level. Second, the monthly frequency allows us to examine
the short-run dynamic relationship between firm investment and the power crunch. For SMEs, the
investment appears to be more flexible than that of large firms, given their relatively smaller size.
Therefore, a more frequent data is better for exploring their investment decisions, especially with
the dynamic feature of those decisions.

Third, our data for the manufacturing sector includes a complete set of disaggregated in-
dustries such as foods, textile, chemicals, smelting, machinery, and instruments. The granularity
of data allows us to explore heterogeneous responses at the industry level, which is masked by the
pooled analysis for the entire manufacturing sector. Fourth, the SMEDS dataset is a highly repre-
sentative sample for SMEs. In Zhejiang Province, 97% of firms are SMEs, and the majority of those
SMEs are private firms. Zhejiang is actually hailed as the cradle of private enterprises in China. Its
liberal local institutions, favorable social environment and affluent high-skilled labor have given

5. More information (in Chinese) about the SMEDS data and survey can be found on this website: www.csmbri.com.

6. We want to note that the use of a sample covering 2015-2016 when power crunch was not as severe as 2021-2022 does
not harm our main findings as the results we find are already very statistically and economically significant, which should be
even more significant in a more challenging period of time, especially for SMEs. In fact, China has been facing a constant
threat of power crunch in the past decades for a couple of reasons. We provide two well-recognized reasons here. First, the
Chinese economy relies heavily on investment, leaving a plenty of room for imbalance between power supply and demand
as the macroeconomy fluctuates. Investment turns out to be one of the most volatile macroeconomic variables, and demand
for energy by new investment projects in good economic times can easily drive a big wedge between inflexible supply and
flexible demand, and therefore results in power shortages. Second, China’s power supply mainly comes from coal, coupled
with a regulated power price (which is generally lower than market-determining prices), generating a disincentive for coal-
fired power plants when the cost of coal rises during surging demand and hence the profit margin is squeezed or even negative.

7. In this study, we employ firms’ perceived power crunch rather than firms’ reported incidence of power outages such as
that in Cole et al. (2018) for two reasons. First, the reported or realized incidence of power outages is not available in our mi-
croeconomic data that we leverage to study the behavior of firms’ anticipatory investment under power shortages. Second, the
reported incidence of power outages may significantly underestimate the threat of power shortage and therefore its impacts
on firm investment. Since investment can be costly and is generally irreversible, firms are highly likely to react to any signs of
power crunch before a power outage actually occurs.

Open Access Article



The Power Crunch and Firms’ Anticipatory Investment / 157

SME:s the large potential to grow into giant firms.® Since local governments regulate private firms
less, relative to state-owned enterprises, our dataset provides us an ideal context to explore how the
current power crunch impacts firms’ optimal decisions about investment in the near future.

Although the SMEDS dataset only has firms from Zhejiang Province, we believe the les-
sons learnt can be generalized. First, even being just one province in China, Zhejiang Province is a
large economy. Its GDP in 2015 was around 467 billion US dollars, and can be ranked, according to
data from the World Bank, as the world’s 25" economy, between Poland and Belgium. And its rank-
ing has kept climbing in recent years.” Second, as it has been discussed above, Zhejiang Province
is a leading hub for SMEs in China, so a random sample from this province is very suitable for our
study that cares about the faring of SMEs during periods of power crunch.

The two primary variables of this study are firms’ anticipatory investment and the percep-
tion of the current power crunch. Both variables are constructed from firms’ subjective responses
to survey questions. The dependent variable—anticipatory investment—is an ordered categorical
variable (taking values from 1 to 3) from the survey question: What is the firm’s anticipation of in-
vestment in the next three months (1-decrease, 2-no change, or 3-increase)? The main independent
variable—the power crunch—is an ordered categorical variable (taking values from 1 to 3) from
another survey question: What is the firm’s perception of a current power shortage (1-no shortage,
2-medium shortage, or 3-high shortage)? The monthly frequency of our data improves the cred-
ibility of anticipatory investment. One can expect firms to have more reliable expectations about
decisions to be made in a couple of months than those to be made in a year or more, especially for
SMEs relative to big firms. It also contributes to the higher accuracy of subjective responses, as
firms have a better understanding of the real economy within a short period compared to that over
the long term. We control for other factors available in the data that may affect firms’ anticipatory
investment in the short-run future, including current investment, credit constraint, productivity, and
exporting participation.'

2.1 Summary Statistics

Our sample contains over 30,000 firm/industry/month observations, covering nearly all
industries within the manufacturing sector and all prefecture cities of Zhejiang Province for the
period of August 2015-August 2016. Table 1 presents summary statistics for the variables of our
study. Anticipatory investment equals to 1.35 on average with a standard deviation of 0.57, showing
a significant degree of dispersion in the data. The power crunch is less but still fairly dispersed, with
a mean of 2.45 and standard deviation of 0.52. Other control variables demonstrate even higher
degrees of dispersion. Noticeably, the monthly investment is small for SMEs in our data, less than
13,000 yuan (or roughly 2,000 US dollars). This result again highlights that our focus on small and
medium-sized enterprises, rather than large firms, is valuable. The share of firms that engage in
exporting on monthly basis is not small, however, around 15%, reflecting the high degree of trade
openness in China’s eastern coastal areas.

8. A leading example is the conglomerate Alibaba, which started in 2003 as a tiny internet firm with only 18 employees in
Hangzhou, the capital city of Zhejiang Province.

9. According to the more recent data from the World Bank, in 2021, Zhangjiang’s GDP is close to the world’s 16th largest
economy, Indonesia. Moreover, its 65 million population is larger than Tanzania, the world’s 22 largest country in terms of
population.

10. See Aw et al. (2008) and Manova (2013), among many others, for additional theoretical discussions about the relation-
ship among these variables and firms’ investment dynamics.
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Table 1: Summary Statistics

Variable Observations Mean Std. Dev. Minimum Maximum
Anticipatory 30663 1.35 0.57 1 3
Investment

Power Crunch 30663 2.45 0.52 1 3
Current Investment 30663 12945.22 78589 0 999990
Credit Constraint 30663 2.19 1.00 1 4
Labor Productivity 30663 19648.62 15786.25 0 99825.71
Exporting Status 30663 0.15 0.36 0 1

Notes. There are 7015 firms in the benchmark sample. Anticipatory Investment is an ordered categorical variable (taking
values from 1 to 3) from the survey question: What is the firm’s anticipation of investment in the next three months
(1-decrease, 2-no change, or 3-increase)? Power Crunch is an ordered categorical variable (taking values from 1 to 3) from
another survey question: What is the firm’s current perception of the power shortage (1-no shortage, 2-medium shortage, or
3-high shortage)? Current Investment is firms’ investment in the current month, in Chinese yuan. Credit Constraint is an or-
dered categorical variable (taking values from 1 to 4) from the question: What is the degree of difficulty the firm perceives
in accessing to finance (1-no difficulty, 2-low difficulty, 3-medium difficulty, or 4-high difficulty)? Labor Productivity is
defined as the ratio of the total output to the average number of workers within the month, in Chinese yuan per worker.
Exporting Status is a binary variable, which equals 1 if the firm exports in the current month and 0 if otherwise.

In Figure 1 we plot the correlation between firms’ anticipatory investment and the percep-
tion of a current power crunch. The left panel exhibits the correlation using industry-level averages,
while the right panel displays the correlation with averages taken at the prefecture city and form of
business (e.g., limited liability companies and corporations) level. The industry-level correlation is
significantly negative, suggesting that a higher perceived power shortage suppresses firms’ willing-

Figure 1: Anticipatory Investment and Perceived Power Crunch
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Notes. The left panel plots the correlation between the average anticipatory investment and the perceived power crunch
at the industry level (industries within the manufacturing sector), while the right panel displays the correlation between
the two variables averaged at the prefecture city (prefecture cities within Zhejiang Province) and business form (forms of
business such as limited liability companies and corporations) level.
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ness to invest in the short-run future. Although the correlation is less clear at the city and business
form level, it still points to a negative relationship between the two variables.!!

3. EMPIRICAL ANALYSIS

Our research aim is to investigate the impacts of power crunch on firms’ anticipatory in-
vestment by leveraging the microeconomic survey data from the SMEDS. In doing so, we establish
the following empirical model to regress anticipatory investment on firms’ perceived power crunch:

Antlnvestyy, = o + 8 x PowerCruchyy, + X;jkt +Mg +Vj+Cic + 0 + ¢ + €jke ()

where Antlnvest is firm i’s anticipatory investment in the next three months and PowerCrunch is
firm i’s current perception of the power crunch. The coefficient of interest is f. X is a vector of other
firm-industry-location-month control variables, including current investment, credit constraint, la-
bor productivity, and exporting status. In various specifications, we gradually add dummies for the
form of business (177), industry dummies (v;), location dummies ({), and month dummies (6;,). In
robustness checks that consider panel specifications, we further control for firm fixed-effects (c;).
Since anticipatory investment and the power crunch are ordered categorical variables, we also im-
plement ordered probit regressions to check the robustness of our linear regression model as speci-
fied in Equation 1.

3.1 Baseline Regression Results

Table 2 shows the estimation results from the linear regression models. Using pooled OLS,
column (1) shows a statistically significant (at the 1% level) negative relationship between firms’
anticipatory investment in the next three months and the current perception of the power crunch.
Although the economic meaning of the estimated coefficient is hard to interpret as both the depen-
dent and independent variables of interest are ordered categorical variables, a rough calculation
reveals a non-negligible negative impact with the effect of the power crunch at around 7.7% of the
average value of anticipatory investment.'? The dynamic effect seems smaller than the magnitude
of electricity rationing on firms’ current investment, such as that estimated in Abeberese (2020)."
However, our study provides new empirical evidence for the persistence of the negative impacts of
unreliable infrastructure provision. We show at least that the negative effect lingers over a couple of
months after a current electricity shortage. Moreover, we show in Section 4 that the negative impact
is actually very sizable in a binary setting.

In column (2), we obtain the same level of statistical significance when we cluster the
standard errors at the industry level. The economic and statistical significance remains largely un-

11. The relevance of power in firms’ investment and production decisions has been widely discussed in the literature. See,
for example, Aminu (2018, 2019).

12. Note 7.7% is calculated as the ratio of the coefficient in Table 2 to the mean value of anticipatory investment in Table
1,ie., 4% ~7.7%. We further explore the economic significance of the power crunch for firms’ anticipatory investment in
Section 4, where we transform ordered categorical variables into binary ones. The transformation grants us better economic
interpretation of the coefficient estimates. Although the estimates here and those down in the binary cases are not directly
comparable, they convey the same message: the power crunch exhibits an economically large impact on firms’ desire to invest
in the near future.

13. For comparison, we also conduct regressions for current investment, and find significant negative impacts of power
crunch on current investment, which are in line with the extant literature (e.g., Abeberese, 2020). The results for current in-
vestment are presented in Table A.1 of the Appendix. The significant negative impacts of power crunch on both current and
anticipatory investment clearly demonstrate the persistence of the negative investment effect of power crunches.
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changed in column (3), where we add other control variables such as current investment, credit
constraint, labor productivity, and export participation to further isolate out the impacts of power
crunch on firms’ anticipatory investment.'* This situation is also true when we gradually control
for the fixed effects of business forms, industries, locations, and months from columns (4) to (7).
Finally, in column (8), we employ the fixed-effect panel regression to account for firm-level unob-
served heterogeneity. It yields an estimate about a third of the pooled OLS estimate, suggesting that
firm-level unobserved heterogeneity introduces an upward bias for the impact of the power crunch
on firms’ anticipatory investment. Still, in column (8), the negative impact of power crunch is statis-
tically significant at the 1% level.

Table 2: Linear Regression Results

(1) (2) (3) 4) (5) (6) (7) (8)
PowerCrunch, -0.104 -0.104 -0.096 -0.096 -0.095 -0.098 -0.098 -0.033
[0.006] [0.013] [0.013] [0.013] [0.013] [0.012] [0.012] [0.008]
Current investment 0.006 0.006 0.006 0.006 0.006 0.002
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
Credit constraint —-0.055 -0.054 -0.055 -0.055 -0.054 -0.027
[0.008] [0.007] [0.008] [0.008] [0.008] [0.008]
Labor productivity -0.001 -0.001 >-0.001 >-0.001 >-0.001 -0.001
[0.002] [0.002] [0.002] [0.001] [0.001] [0.001]
Exporting status 0.023 0.024 0.022 0.016 0.016 0.034
[0.014] [0.014] [0.015] [0.016] [0.015] [0.014]
Clustered S.E.’s N Y Y Y Y Y Y Y
B-form dummies N N N Y Y Y Y Y
Industry dummies N N N N Y Y Y Y
Location dummies N N N N N Y Y Y
Time dummies N N N N N N Y Y
Firm Fixed-effects N N N N N N N Y
R? 0.09 0.09 0.24 0.27 0.33 0.35 0.38 0.22

Notes. Each regression has 30663 observations and 7015 firms. The dependent variable is the firms’ anticipatory in-
vestment (Antlnvest;,) in the next three months. Standard errors are in parentheses. Clustered S.E.’s are standard errors
clustered at the industry level. Other controls include current investment, credit constraint, labor productivity, and exporting
status. B-form refers to the firms’ business form such as limited liability companies and corporations. Industry is the 2-digit
industry within the manufacturing sector such as foods, beverages, and machinery. Location is the prefecture city. Time is
one month. Columns (1)—(7) are estimated using pooled OLS while column (8) is estimated using the fixed-effects panel
regression.

Table 3 presents results that re-estimate Equation 1 using ordered probit regressions. Simi-
lar to what we observed in Table 2, there is a statistically negative and economically non-negligible
association between anticipatory investment and a current power crunch. The negative impacts of
a current electricity shortage on firms’ anticipatory investment are robust in various specifications,
including the panel-data random-effects ordered probit model. We are cautious to claim the effects
estimated in this study are causal. However, when we implement IV regressions to mitigate the con-
cern of endogeneity for a perceived power crunch using its industry-location average multiplying
with a metric of weather condition, we obtain slightly larger but still statistically significant results.'
We defer more discussions about the endogeneity issue to Section 4.

14. We include firms’ current investment to account for the inertia of investment decisions. One may be concerned about
the endogeneity of this independent variable. Excluding it from the set of control variables or instrumenting it with one-month
lagged investment (which also reduces the number of observations) does not significantly change our estimation results.

15. The selection of instrumental variables is based on the common practice in empirical studies of development econom-
ics. See, for instance, Reinikka and Svensson (2006) and Fisman and Svensson (2007) for the industry-location component
and Fisher-Vanden et al. (2015) for the weather component.
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Table 3: Ordered Probit Regression Results

(1) (2) 3) “) (5) (6) (7) (®)

PowerCrunchy, -0.256 -0.256 -0.239 -0.240 -0.238 -0.245 -0.245 -0.257
[0.014] [0.029] [0.030] [0.030] [0.029] [0.029] [0.029] [0.026]

Current investment 0.014 0.014 0.014 0.012 0.013 0.014
[0.003] [0.003] [0.003] [0.003] [0.003] [0.003]
Credit constraint -0.131 -0.129 -0.133 -0.132 -0.131 -0.147
[0.017] [0.017] [0.017] [0.018] [0.018] [0.017]
Labor productivity -0.001 -0.001 0.001 0.004 <0.001 -0.003
[0.004] [0.004] [0.004] [0.003] [0.004] [0.004]

Exporting status 0.052 0.053 0.047 0.035 0.034 0.101

[0.031] [0.031] [0.034] [0.035] [0.036] [0.027]
Clustered S.E.’s
B-form dummies
Industry dummies
Location dummies
Time dummies
Firm Fixed-effects

Log pseudolikelihood ~ —22653 —22653 —22470 —22454 -22360 —22296 —22286 -18206

222227
Z 2277227~
Z 22227~
222 7 < <
Z 27 <
ZZ
Z <
L

Notes. Each regression has 30663 observations and 7015 firms. The dependent variable is the firms’ anticipatory in-
vestment (Antlnvest;,) in the next three months. Standard errors are in parentheses. Clustered S.E.’s are standard errors
clustered at the industry level. Other controls include current investment, credit constraint, labor productivity, and exporting
status. B-form refers to the firms’ business form such as limited liability companies and corporations. Industry is the 2-digit
industry within the manufacturing sector such as foods, beverages, and machinery. Location is the prefecture city. Time is
one month. Columns (1)—(7) are estimated using pooled ordered probit regressions while column (8) is estimated using the
random-effects ordered probit panel regression.

3.2 Heterogeneous Results across Industries

Next, we conduct heterogeneity analysis at the industry level. In total, we have 12 indus-
tries with a reliable sample size (with more than 500 observations per industry) within the manufac-
turing sector.'® We estimate the impact of firms’ perceived power crunch on anticipatory investment
using the panel-data regression specification as in column (8) of Table 2. The estimated coefficients
by industry along with the estimate from the pooled case (i.e., column (8) of Table 2) are plotted in
Figure 2. It shows that the pooled case masks a great deal of heterogeneity at the industry level. On
the one hand, except for electrical equipment and other equipment, the majority of industries exhibit
a larger negative impact than the pooled case. On the other hand, the pattern across industries sug-
gests that industries that are electricity intensive or dependent on continuous electricity supply (in
other words, electricity dependent), such as chemicals and smelting that cannot be stopped or started
in a short time frame, take much larger hits from the negative shock to the power supply.

Our industry-level heterogeneous analysis not only shows that there exist differential im-
pacts of power crunch on anticipatory investment across industries, but also implies that the effects
of power crunch may work through the lens of firms’ dependence on electricity. Motivated by the
latter point, we explore the mechanisms through which the power crunch affects firms’ desire to
invest in the future in more depth below. Largely depending on the availability of micro data in
our survey, we investigate two competing stories: the channel of electricity dependence versus the
channel of capacity utilization.

16. Notice that we have 30 industries within the manufacturing sector in our data, and 18 out of these 30 industries have
observations less than 500 observations. The 18 manufacturing industries that are excluded in the heterogeneity analysis at the
industry level are food, beverage, tobacco, feed, sewing, furniture, printing, cultural-educational-sports, crafts-arts, power-
steam-water, petroleum, coking-gas-coal, medical, chemical fiber, plastic, construction materials, other nonmetal minerals,
and other manufacturing.
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Figure 2: Estimated Coefficients by Industry
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Notes. We report the estimated coefficients for the impact of the firms’ perceived power crunch on anticipatory investment
by industry within the manufacturing sector. 12 industries with a good number of observations (with more than 500 obser-
vations per industry) are included. The solid dot is the point estimate with the line representing the 95% confidence inter-

val. For comparison, we also include the estimate of the pooled case in the figure. It corresponds to column (8) in Table 2.

3.3 Mechanisms: Electricity Dependence vs. Capacity Utilization

We consider two potential mechanisms through which power crunch may pose negative
impacts on firms’ anticipatory investment. The first one is the channel of electricity dependence,
directly motivated by the observation we obtain from Figure 2. The electricity dependence story
relies on the reasoning that firms with a higher degree of dependence on electricity in production is
more vulnerable to power shortage, and hence more reluctant to expand investment when they per-
ceive power crunch. Using variables from the SMEDS dataset, we define electricity dependence—
ElecDependence;;—as the ratio of firms’ electricity consumption to total output, in the same spirit
of the widely used energy intensity. A higher value of ElecDependence;;, means that the manufac-
turing firm is more dependent on electricity in producing goods.

The second mechanism is the channel of capacity utilization. The capacity channel refers
to the story that power crunch frees up production capacity and leads to more idle capital stock,
and hence reduces firms’ incentive to increase investment in the future. If the capacity story is true,
we expect firms with more unused capacity (i.e., lower capacity utilization) to respond more neg-
atively to power crunch. Extant studies on firms’ optimal investment behavior also identify capital
utilization as a relevant factor shaping investment behaviors (see, for example, Aminu et al., 2018).
In our SMEDS dataset, we have a firm-level recording of capital utilization rate. We define unused
production capacity—UnusedCap;—as one minus capital utilization rate. The assumption behind
the definition of unused production capacity is that a higher rate of capacity utilization is accompa-
nied with a higher rate of capital utilization, which is generally the truth in the manufacturing sector.

Table 4 shows the results for the two potential mechanisms.!” Columns (1)—(3) are es-
timated using linear model. We fail to find supporting evidence for the first channel—electricity

17. To further reduce the endogeneity concern of the heterogeneity that is defined at the firm level, we also re-define the
two dimensions of heterogeneity (i.e., electricity dependence and capital utilization) at the industry level and re-run all regres-
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Table 4: Regression Results for Mechanisms

(€)) 2 (3) () (5) (6)
Linear Linear Linear Oprobit Oprobit Oprobit
Pooled Pooled Panel Pooled Pooled Panel
Panel A: Estimation results for the channel of electricity dependence (dependent variable: Antlnvest;,)
PowerCrunch, -0.104 -0.097 -0.034 -0.251 -0.242 -0.257
[0.006] [0.013] [0.008] [0.015] [0.030] [0.024]
PowerCrunch, x ElecDependence, 0.0013 -0.029 0.015 -0.071 -0.062 -0.0006
[0.0025] [0.013] [0.017] [0.031] [0.046] [0.056]
ElecDependencey, 0.089 0.079 0.049 0.186 0.167 -0.016
[0.035] [0.047] [0.045] [0.075] [0.108] [0.136]
Current investment 0.006 0.002 0.013 0.014
[0.001] [0.001] [0.003] [0.003]
Credit constraint -0.053 -0.027 -0.128 -0.147
[0.008] [0.006] [0.018] [0.017]
Labor productivity 0.001 -0.001 0.003 -0.001
[0.002] [0.001] [0.004] [0.005]
Exporting status 0.018 0.031 0.038 0.099
[0.016] [0.014] [0.035] [0.028]
R’ 0.09 0.32 0.38
Log pseudolikelihood —22237 -21885 —17881
Panel B: Estimation results for the channel of capacity utilization (dependent variable: Antlnvest;,)
PowerCrunch, —0.083 -0.075 -0.035 -0.208 -0.193 -0.211
[0.007] [0.012] [0.009] [0.015] [0.028] [0.031]
PowerCrunchy, x UnusedCap, -0.0056 -0.0061 -0.0025 -0.0129 -0.0141 -0.0127
[0.0007] [0.0017] [0.0008] [0.0016] [0.0045] [0.0029]
UnusedCapy, 0.033 0.028 0.010 0.063 0.048 0.017
[0.009] [0.019] [0.008] [0.018] [0.040 [0.021]]
Current investment 0.007 0.002 0.015 0.015
[0.001] [0.001] [0.003] [0.003]
Credit constraint -0.055 -0.027 -0.132 -0.148
[0.008] [0.006] [0.019] [0.017]
Labor productivity 0.001 -0.001 0.004 -0.001
[0.002] [0.001] [0.004] [0.004]
Exporting status 0.016 0.034 0.034 0.102
[0.016] [0.013] [0.034] [0.027]
R 0.11 0.34 0.40
Log pseudolikelihood -22620 —22249 —18198
Clustered S.E.’s Y Y Y Y Y Y
B-form dummies N Y Y N Y Y
Industry dummies N Y Y N Y Y
Location dummies N Y Y N Y Y
Time dummies N Y Y N Y Y
Firm Fixed-effects N N Y N N Y

Notes. Columns (1)—(3) and (4)—(6) have 30663 and 30127 observations (7015 and 6923 firms), respectively.
ElecDependencey, is the electricity intensity defined as electricity consumption normalized by output, while UnusedCap;,
is the unused production capacity defined as one minus capital utilization rate. Standard errors are in parentheses. Clustered
S.E.’s are standard errors clustered at the industry level. Other controls include current investment, credit constraint, labor
productivity, and exporting status. Capital utilization and electricity intensity are also included as controls. B-form refers

to the firms’ business form such as limited liability companies and corporations. Industry is the 2-digit industry within the
manufacturing sector such as foods, beverages, and machinery. Location is the prefecture city. Time is one month. Columns
(1)—(2) are estimated using pooled OLS while column (3) using panel regression. Columns (4)—(5) and column (6) are
estimated using pooled and panel ordered probit, respectively. The number of digits after decimal point varies for better
displaying. The clustering and fixed-effect specifications apply to both panels.

sions in Table 4. These additional results for the mechanisms are presented in Table A.2 of the Appendix. Our main findings
in Table 4 survive this robustness check.
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dependence—as panel A reveals that the interacted term (PowerCrunchy, x ElecDependence;,)
is statistically insignificant. By contrast, panel B demonstrates a more negative impact of power
crunch on firms with higher rates of unused capacity as the interacted term—~PowerCrunch, x Un-
usedCap—is statistically significant at the 1% level. Using ordered probit specifications, columns
(4)—(6) tell the same story: the SMEDs data supports the channel of capacity utilization and provides
no evidence for the channel of electricity dependence.

Although we find no evidence to support the intuitive observation we get from Figure 2
through the broad electricity dependence channel, it may work through more specific channels we
are unable to test using the SMEDS dataset. A promising one may be the channel of electricity reli-
ability. Firms in the chemicals and smelting industries may not just require a large amount of elec-
tricity, but also require a reliable supply of electricity without interruptions as the discontinuation
of the chemical or physical processes can pose large economic losses and even compromise safety.
For example, the chemical process industry requires constant and high quantity electricity supply
due to their continuous production process (Riese et al., 2014). Unfortunately, the SMEDS data have
no variables to characterize firm-level dependence of electricity reliability, making it impossible to
test the specific channel directly. Nevertheless, our survey data help us rule out the broad channel of
electricity dependence and supports the channel of capacity utilization. Future work may be done
to explore more specific channels such as the electricity reliability when better micro dataset is
available.'

4. ADDITIONAL ANALYSES

In this section, we conduct a host of additional analyses: (i) to address the endogeneity
concern; (ii) to deal with the economic interpretation of estimated coefficients; and (iii) to highlight
the importance of studying SMEs, relative to big firms. We show that our baseline regression results
fare well in the exercises to deal with the endogeneity concern, and our baseline estimates bear high
economic significance with a large reduction in the likelihood of investing in the next three months
for firms that perceive power crunch in the current month. Moreover, we provide evidence for the
importance of studying SMEs by showing that smaller firm size leads to disproportionately larger
damage caused by the power crunch.

4.1 The Endogeneity of Power Crunch

Our main explanatory variable—power crunch—tends to be endogenous due to reasons
such as unobserved confounding factors. For example, a persistent positive shock to the nontradable
sector (e.g., construction) of the local economy may drive up firms’ investment in the future but also
raises firms’ perception of power crunch as it induces more competition in the demand for power.
However, a persisting negative shock to the local oil supply may raise firms’ perception of power
crunch but suppress firms’ anticipatory investment. To address endogeneity concerns like those, we
construct an instrumental variable for power crunch.

18. Notice that, due to data unavailability, we are unable to explore the role of generator ownership. During periods of
power shortage, firms may fare better if they have invested in self-generation, and firms may also be more likely to buy gener-
ators. See, e.g., Alby et al. (2013) and Reinikka and Svensson (2002) for supporting evidence, and Fisher-Vanden et al. (2015)
for no evidence. Although we cannot say much about self-generation, our focus on SMEs may mitigate the concern as SMEs
are less likely to own generators, relative to big firms.
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The instrumental variable we adopt is a product of two components: industry-location av-
erage of power crunch and month-location weather condition. Specially, the weather condition is the
span of extreme temperature at the county level and monthly frequency. We compute the extreme
temperature span as the difference between extreme high temperature and extreme low temperature
for a given month and county. The monthly extreme high temperature and low temperature are the
averages over 1981-2010 for a given month and county. The temperature data comes from the China
Meteorological Data Service Centre.'” For Zhejiang Province, we have access to the data from 1981
to 2010.%

The relevance of our instrumental variable comes from an economic story of the demand
side. Conceptually, a larger span of extreme temperature induces higher demand for electricity from
the households as they need to run their A/C more to get heat in the cold weather and cooling
in the hot weather.?! All else being equal, this implies that firms face more competition from the
households in demanding for electricity. Since the Chinese government weighs social stability more
against economic growth (Berkowitz et al., 2017), the local governments are more likely to put a
ration on the supply of power to firms than to households. As a result, firms are more likely to per-
ceive power crunch during a period of time with a larger span of local extreme temperature. This
establishes the economic relevance of the instrumental variable.

It is worth mentioning that the current power shortage crisis in China’s Sichuan Province
provides a perfect example for what we have theorized above. On August 14th, 2022, on behalf of
the provincial government, the Sichuan Provincial Economic and Information Department released
an official emergency notice that orders firms to cut power usage and even suspend operation in
favor of electricity use by households.?? Similar emergency notices have been administered during
the energy crisis in September and October of 2021 when skyrocketing coal prices in China induced
a nationwide power crunch.

Notice that our economic story is essentially the same as the one elaborated in Fisher-Van-
den et al. (2015), where they employ cooling and heating degree days (above and below 65°F,
respectively) to instrument for the observed electricity scarcity. The seminal work of using weather
to instrument for electricity consumption can go back to Engle et al. (1986). However, unlike
Fisher-Vanden et al. (2015), we use extreme whether span rather than regular cooling and heating
degree days because the extreme weather is more likely to create a competition between household
electricity demand and firm electricity demand, and hence makes our economy story above more
plausible. For the exclusion restriction of our instrument, we follow Fisher-Vanden et al. (2015) and
argue that the temperature condition tends to affect the households more severely and widely than
it does for workers. Basically, it posits that any impacts of the weather on the firm side is of second
order importance compared to those on the household demand.

To increase the variation of our instrumental variable, we add the second component by
multiplying the month-location extreme temperature span with the industry-location average of
power crunch observed in our data. The rationale for employing the average at the industry and
location level to instrument for firm-level survey responses is that the industry-location average

19. The official website: http://data.cma.cn/en. Last accessed: March 4th, 2022.

20. The fact that the time period of weather data (January 1981-December 2010) is earlier than our survey data (August
2015-August 2016) strengthens the exogeneity of our instrumental variable as it excludes the possibility that contemporane-
ous economic activities may affect weather condition.

21. See, for example, Zhang et al. (2022) for the most recent empirical evidence using China Residential Energy Con-
sumption Survey.

22. The government emergency notice can be found in the official website: https://jxt.sc.gov.cn. Last accessed: August
23rd, 2022.
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characterizes features at the more aggregate level and arguably exogenous for individual firms, and
these features are relevant for a given firm because it belongs to that specific location and industry
(Reinikka and Svensson, 2006; Fisman and Svensson, 2007; Chen et al., 2010).2* Hence, the final
form of our instrumental variable is the product of industry-location average of power crunch and
month-location extreme weather span. We denote the instrument as Temp_IVj,. The instrumental
variables varies across industries (), locations (k), and over time (z, in month).?*

Table 5 presents the regression results using the instrumental variable constructed above.
Columns (1)—(3) are estimated using linear models, while columns (4)—(6) using ordered probit
models.” Two quick takeaways from Table 5. First, the first-stage estimation results show that our
instrumental variable is positively correlated with power crunch, in a statistically significant way. It
confirms our conjecture that a larger span of extreme temperature drives up the demand competition
for electricity between households and firms, and thus makes firm perceive or subject to a higher
degree of power crunch. The Kleibergen-Paap rk Wald F statistic is high and suggests that we do not
suffer from weak instrument concern in any significant way.

Second, the second-stage results essentially resonate with what we find in Table 2 and
Table 3 where the instrumental variable is not used. It shows clearly that the power crunch has a
negative impact on firms’ anticipatory investment. Although the IV estimates produce a slightly in-
flated magnitude, the results are very consistent with our baseline cases. The slight larger magnitude
of IV estimate may reflect that the omitted confounding factors such as a persistent positive shock
to the local nontradable sector tends to generate a positive correlation between power crunch and
firms’ desire to invest in the near future. Therefore, when the bias is corrected in the IV estimation,
the negative impact of power crunch on firms’ anticipatory investment is even larger.

4.2 The Economic Significance of Power Crunch

We next conduct further analysis to provide more information on the economic signifi-
cance of our baseline estimates in Table 2 and Table 3. Specifically, we transform categorical vari-
ables into binary variables to obtain better economic interpretations for the estimated coefficients.
Before we get into the details about the transformation, we want to caution the readers that we prefer
using original categorical variables in the baseline regressions for two reasons. First, the original
categorical variables are more reliable as it directly comes from the survey questions without any
manipulation, which is a more accurate reflection of firms’ perception and anticipation. Second, as

23. We conduct a battery of robustness checks for the selection of I'V. Specifically, we consider two alternative instrumen-
tal variables, where the first one only relies on the exogenous extreme temperature span, and the second one is the product
of extreme temperature span and initial-month (i.e., August 2015) industry-location average of power crunch. To further
increase the credibility of the exclusion restriction in our benchmark IV, we also exclude industries that are sensitive to ex-
treme weather conditions (i.e., food manufacturing, beverage manufacturing, tobacco processing, and feed processing). The
additional results for IV regressions can be found in Table A.3 of the Appendix. Our mains results remain unchanged in those
robustness checks.

24. There are two caveats about the instrumental variable that we construct in this study. First, we need the assumption
that the electricity supply is fairly fixed to make the story of demand side work well. This is not a crazy assumption because
our time span is a month, a relatively high frequency and short period of time, and thus the adjustment of supply is quite lim-
ited. Second, we implicitly assume that households are equipped with housing appliances such as A/C to deal with extreme
whether. This is a reasonable assumption because Zhejiang Province is one of the richest provinces in China. Its GDP per
capita was 11,878 US dollars in 2014 (Zhejiang Province Bureau of Statistics, 2015), much higher than China’s overall GDP
per capita that was 7,679 US dollars in 2014 (National Bureau of Statistics of China, 2015).

25. Notice that the number of observations drops from 30,663 to 19,884 because only a subset of counties in Zhejiang
Province have extreme temperature data compiled by the China Meteorological Data Service Centre.
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Table 5: IV Regression Results

(D 2 (3) (4) 5) (6)
Linear Linear Linear Oprobit Oprobit Oprobit
Pooled Pooled Panel Pooled Pooled Panel
Panel A: Second-stage estimation results (dependent variable: Antlnvest;;,)
PowerCrunchy, -0.156 -0.138 -0.096 -0.376 -0.333 -0.307
[0.039] [0.026] [0.032] [0.087] [0.061] [0.074]
Current investment 0.005 0.002 0.013 0.012
[0.002] [0.001] [0.004] [0.004]
Credit constraint -0.050 -0.029 -0.112 -0.121
[0.008] [0.007] [0.018] [0.018]
Labor productivity 0.001 0.001 0.004 0.004
[0.002] [0.002] [0.005] [0.004]
Exporting status -0.003 0.022 0.015 —-0.001
[0.020] [0.012] [0.038] [0.044]
R? 0.08 0.39 0.42
Log pseudolikelihood —28763 -26764 —26168
Panel B: First-stage estimation results (dependent variable: PowerCrunch,)
Temp_IVy, 0.010 0.024 0.017 0.010 0.024 0.017
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
Current investment 0.003 0.001 0.003 0.001
[0.002] [0.001] [0.002] [0.001]
Credit constraint 0.041 0.015 0.041 0.015
[0.006] [0.003] [0.006] [0.003]
Labor productivity 0.002 <0.001 0.002 <0.001
[0.002] [0.001] [0.002] [0.001]
Exporting status 0.017 -0.004 0.017 -0.004
[0.022] [0.013] [0.022] [0.013]
Kleibergen-Paap rk LM statistic 18.63 21.25 20.91 18.63 21.25 20.91
Kleibergen-Paap rk Wald F statistic 241.17 801.12 443.37 241.17 801.12 443.37
Clustered S.E.’s Y Y Y Y Y Y
B-form dummies N Y Y N Y Y
Industry dummies N Y Y N Y Y
Location dummies N Y Y N Y Y
Time dummies N Y Y N Y Y
Firm Fixed-effects N N Y N N Y

Notes. Each regression has 19884 observations and 4322 firms. Standard errors are in parentheses. Clustered S.E.’s are
standard errors clustered at the industry level. Other controls include current investment, credit constraint, labor produc-
tivity, and exporting status. B-form refers to the firms’ business form such as limited liability companies and corporations.
Industry is the 2-digit industry within the manufacturing sector such as foods, beverages, and machinery. Location is the
prefecture city. Time is one month. Temp_IVj, is the instrumental variable for power crunch, constructed as the product of
extreme temperature span and industry-location-average power crunch. Columns (1)—(2) are estimated using IV in linear
regressions while column (3) is estimated using IV in the fixed-effects panel regression. Columns (4)—(5) are estimated
using IV in ordered probit regressions while column (6) is estimated using I'V in the ordered probit panel regressions. The
clustering and fixed-effect specifications apply to both panels.

we discuss in a footnote below, there are multiple ways to define binary variables out of the cate-
gorical variables and it is difficult to determine which way is better. Nevertheless, we still want to
provide some direct evidence about the economic significance of the power crunch for firms’ antic-
ipatory investment, and this motivates us to do the further analysis in this subsection.

We transform three categorical variables into binary ones. They are anticipatory invest-
ment, power crunch, and credit constraint. For anticipatory investment, we re-define it as a binary
variable—dAntInvest;;—that equals to 1 if the firm expects to increase investment in the next three
months and 0 if otherwise. For power crunch, re-define it as a binary variable—dPowerCrunch,;—
that equals to O if the firm perceives no electricity shortage and 1 if otherwise. Lastly, for credit
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constraint, we transform it into a binary variable that equals to 0 if the firm has no difficulty to access
finance and 1 if otherwise.?

The estimation results using binary variables are presented in Table 6. Columns (1)—(2)
are estimated using linear probability models, and suggest that firms are 5% to 12% less likely to
increase investment in the next three month if they perceive power crunch. The IV estimation of the
linear probability model in column (5) further confirms the result, and it produces a larger negative
impacts as the reduction in likelihood of increasing future investment rises to 16%. The first-stage
result in column (5) confirms again the strong relevance of our instrumental variable. By contrast,
columns (3)—(4) are estimated using probit models to better fit the binary dependent variables. The
nonlinear probit models generate even larger negative coefficients, ranging from 35% to 46% de-
pending on the specifications. When we combine the instrumental variable with the probit model
in column (6), we obtain a reduction in probability to increase future investment as large as 50%.
Overall, Table 6 reassures us about what we learn from the baseline Table 2 and Table 3: when a
firm perceives power crunch, it cuts anticipatory investment in a way that is both statistically and
economically significant.

The large negative impact of power crunch on firms’ anticipatory investment that we reveal
using the microeconomic survey data on SMEs may be attributable to three reasons. One explana-
tion for the sizable negative impact hinges on the horizon we have in the SMEDS data. Recall that
our micro dataset is at the monthly frequency, and the anticipatory investment is investment in the
next three months (i.e., the next quarter). The short-run feature tends to make firms’ decision very
volatile, and hence generating highly responsive results. For firms, investment is not urgent and thus
can be postponed, which is reflected as a sharp reduction in the short run. If the horizon is year or
even longer, firms may have more time to adjust its investment in a smooth way and we may observe
less sizable impacts. Alternatively, we can think of the results in the spirits of impulse responses. It
is reasonable to have temporary large effects in the near future, but in the long run, the responses
fade as firms’ investment decisions move back to the steady state. This also helps to reconcile our
sizable impacts in the binary setting with the magnitudes documented by Abeberese (2020) for cur-
rent investment using less frequent data.

Second, since our data are for SMEs, their small size may contribute to the large negative
response of future investment to power crunch. On the one hand, small size creates more flexibility
for SME:s to adjust investment decisions as they tend to be lighter in fixed assets. On the other hand,
small size makes SMEs less capable to afford profit losses as they may lack the hedging product
portfolios that large firms generally have. Hence, the response of SMEs may be more substantial
than that of large firms when they face a negative shock to power supply. Also recall that the in-
vestment is irreversible (Bernanke, 1983), which reduces the possibility to recover damages caused
by power crunch and further inhibits SMEs’ incentives to invest more in the future if they perceive
power crunch.

The third explanation for the large negative impact may relate to the political economy of
local government officials in China. Due to its specific institutional arrangements, local government
officials in China have strong incentives to sacrifice firms’ economic performance for social reasons

26. We also conduct a robustness check by re-defining anticipatory investment in another way. To be specific, we let
dAntlnvesty, equal to 1 when the firm expects to decrease in investment in the next three months and 0 if otherwise. In this
case, the economic meaning of dAntlnvest;, is whether the firm decreases investment or not in the near future. While in our
preferred case in the main text, dAntlnvest;, is whether the firm increases investment or not in the near future, we obtain
consistent results using the alternative anticipatory investment as we find that power crunch increases firms’ probability to
decrease investment in the next three months.
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Table 6: Regression Results using Binary Variables

(1 2) 3) 4 (5) (6)
Linear Linear Probit Probit Linear Probit
Pooled Panel Pooled Panel Panel Panel
v v
Panel A: Second-stage estimation results (dependent variable: dAntlnvest;,,)
dPowerCrunchy, -0.119 -0.054 -0.352 -0.463 -0.157 -0.503
[0.011] [0.007] [0.032] [0.066] [0.022] [0.069]
Current investment 0.004 0.002 0.012 0.017 0.002 0.012
[0.001] [0.001] [0.003] [0.003] [0.001] [0.004]
Credit constraint -0.102 -0.056 -0.302 -0.431 -0.063 -0.255
[0.012] [0.009] [0.036] [0.043] [0.010] [0.035]
Labor productivity 0.001 <0.001 0.002 0.001 0.002 0.007
[0.001] [0.001] [0.004] [0.005] [0.001] [0.005]
Exporting status 0.005 0.016 0.018 0.101 0.011 0.012
[0.014] [0.011] [0.042] [0.036] [0.010] [0.042]
R? 0.25 0.17 0.35
Log pseudolikelihood —-18112 -13176 —22304
Panel B: First-stage estimation results (dependent variable: dPowerCrunch;,)
dTemp_IV, 0.022 0.022
[0.001] [0.001]
Current investment 0.001 0.001
[0.001] [0.001]
Credit constraint 0.032 0.032
[0.007] [0.007]
Labor productivity >-0.001 >-0.001
[0.001] [0.001]
Exporting status [0.001] [0.001]
[0.013] [0.013]
Kleibergen-Paap rk LM statistic 20.81 20.81
Kleibergen-Paap rk Wald F statistic 1374.60 1374.60

Clustered S.E.’s
B-form dummies
Industry dummies
Location dummies
Time dummies
Firm Fixed-effects

Z <
R
Z
<
TR
LT

Notes. Regressions in columns (1)—(4) have 30663 observations and 7015 firms. Regressions in columns (5)—(6) have
19884 observations and 4322 firms. Standard errors are in parentheses. Clustered S.E.’s are standard errors clustered at the
industry level. Other controls include current investment, credit constraint, labor productivity, and exporting status. B-form
refers to the firms’ business form such as limited liability companies and corporations. Industry is the 2-digit industry
within the manufacturing sector such as foods, beverages, and machinery. Location is the prefecture city. Time is one
month. dAntlnvest;, is the binary anticipatory investment, equal to 1 when the firm anticipates to increase investment in
the next three months and 0 if otherwise. dPowerCrunchy, is the binary power crunch, equal to 1 when the firm perceives
power shortage and 0 if otherwise. dTemp_IVy, is the instrumental variable for the binary power crunch, constructed as the
product of extreme temperature span and industry-location-average power crunch. Columns (1)—(2) are estimated using
pooled OLS and panel regression, respectively. Columns (3)—(4) are estimated using pooled and panel probit, respectively.
Columns (5)—(6) are estimated using IV in linear and probit panel, respectively. The clustering and fixed-effect specifica-
tions apply to both panels.

such as prioritizing the electricity needs of households to keep society stability (Kato and Long,
2006). However, when making such decisions, local governments are more likely to sacrifice firms
of smaller size as big firms contribute substantially more to local fiscal revenues and on average hire
more workers per firm. The stability of big firms also bears strong symbolic meaning, and hence big
firms have disproportionately large weights in the decision process of local officials. When SMEs
expect that local governments may be more likely to sacrifice them during the period of power
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crunch, naturally, they are less likely to invest in the future as the stake of not being able to reap the
benefits of investment due to disruptions caused by power crunch is high.

4.3 The Importance of Studying SMEs

Motivated by the fact that SMEs suffer a sizable negative impact of power crunch on fu-
ture investment, we further highlight the importance of caring about SMEs, relative to big firms, by
exploring whether size matters. In doing so, we conduct a new dimension of heterogeneity analysis
for our baseline results using firm size.

Table 7 presents the estimation results for heterogeneity in size. For the reason of maxi-
mum data availability, we measure size as employment (denoted as Employment;;,), which is the
number of employed workers. Columns (1)—(3) are the linear estimation results, and reveal that
larger firm size serves as a buffer for mitigating the negative impacts of power crunch as the inter-
acted term of power crunch and employment (i.e., PowerCrunchy, x Employment;,) is estimated to
be significantly positive. Similar results are shown in columns (4)—(6) when we estimate the nonlin-
ear ordered probit models.

The buffering effect created by firm size clearly highlights the importance of caring about
SMEs, especially tiny firms, in the period of power crunch. The magnitude of the negative impacts

Table 7: Regression Results for Heterogeneity in Size

(1) 2 3) 4 ) (6)
Linear Linear Linear Oprobit Oprobit Oprobit
Pooled Pooled Panel Pooled Pooled Panel
v v
Estimation results for size measured as employment (dependent variable: Antlnvest;,)
PowerCrunch, -0.115 -0.087 -0.106 -0.288 -0.225 -0.208
[0.008] [0.016] [0.019] [0.021] [0.036] [0.041]
PowerCrunch;;, x Employment,, 0.0032 0.0035 0.014 0.0096 0.0062 0.011
[0.0016] [0.0020] [0.0050] [0.0037] [0.0027] [0.0052]
Employment;, 0.041 0.025 0.035 0.075 0.043 0.092
[0.019] [0.040] [0.042] [0.043] [0.094] [0.090]
Current investment 0.006 0.002 0.013 0.014
[0.001] [0.001] [0.003] [0.003]
Credit constraint -0.055 -0.027 -0.131 -0.147
[0.008] [0.006] [0.018] [0.017]
Labor productivity >-0.001 -0.001 0.001 -0.003
[0.002] [0.001] [0.004] [0.004]
Exporting status 0.018 0.036 0.038 0.108
[0.016] [0.014] [0.035] [0.030]
Clustered S.E.’s Y Y Y Y Y Y
B-form dummies N Y Y N Y Y
Industry dummies N Y Y N Y Y
Location dummies N Y Y N Y Y
Time dummies N Y Y N Y Y
Firm Fixed-effects N N Y N N Y
R? 0.10 0.34 0.42
Log pseudolikelihood -22649 —22284 —-18204

Notes. Columns (1)—(3) and (4)—(6) have 30663 and 30127 observations (7015 and 6923 firms), respectively. Employ-
menty, is the employment size, measured as number of workers. Standard errors are in parentheses. Clustered S.E.’s are
standard errors clustered at the industry level. Other controls include current investment, credit constraint, labor produc-
tivity, exporting status, and employment size. B-form refers to the firms’ business form such as limited liability companies
and corporations. Industry is the 2-digit industry within the manufacturing sector such as foods, beverages, and machinery.
Location is the prefecture city. Time is one month. Columns (1)—(2) are estimated using pooled OLS while column (3)
using panel regression. Columns (4)—(5) and column (6) are estimated using pooled and panel ordered probit, respectively.
The number of digits after decimal point varies for better displaying.
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of power crunch on firms’ anticipatory investment increases with a reduction in firm size. It implies
that SMEs and particularly tiny firms suffer disproportionately more damage in future investment
when they perceive a power crunch. Uncovering this disproportionately larger cost for SME:s is just
the first step, more importantly, it strongly calls for more attention and resources directed to help
SMEs survive during the difficult time of electricity supply, relative to big firms. Although the mi-
crodata we have does not allow us to compare the negative impacts suffered by SMEs and big firms
directly, our heterogeneity analysis with respect to firm size still argues profoundly that firm size
matters as a smaller size comes with a larger damage. The finding hence further supports our focus
on SMEs, and suggests that local government policies should lean more towards SMEs. The caring
for SMEs is getting even more imperative as China (and arguably many other economies) has been
witnessing more and more frequent power crunches arising from geopolitical risks and extreme
weather conditions in the most recent years.

5. CONCLUDING REMARKS

Power crunch, a typical energy challenge in the developing word, re-emerges in the de-
veloped world due to extreme weather conditions, cyberattacks, and the commitment to energy
transition. While there are many studies on these issues in the literature, little is focused on small
and medium-sized firms that are the backbone of the labor market in most of the world’s economies.
Moreover, much of the extant studies have focused on the impacts on contemporaneous variables
such as current investment. In this study, using microeconomic survey data for Chinese manufactur-
ing SMEs, we contribute to the literature by examining the persistence of impacts on investment due
to power crunch through the lens of firms’ willingness to invest (or in our terminology, anticipatory
investment).

The results show that there is a significant negative relationship between a power crunch
and SMEs’ anticipatory investment in the short-run future. The negative impact of the power crunch
appears to be more pronounced among industries that are electricity dependent. Our findings seem
to indicate that the negative shock to electricity provision has a persistent impact on firms’ invest-
ment decisions, at least for SMEs over the span of a couple of months and the impacts are heteroge-
neous across industries. Further explorations of the underlying mechanisms show that the negative
effect is more likely to work through the channel of capacity utilization rather than that of electricity
dependence. However, a caveat we want to make is that our empirical work cannot fully rule out the
possibility of more specific channels of electricity dependence such as the dependence on electricity
reliability. What we truly rule out using our data is the electricity intensity aspect of the dependence
on electricity. In other words, we rule out the quantity component but not the quality (in terms of
continuous and uninterrupted supply) component of electricity dependence. We leave it for future
work that may have access to better survey data with direct measures related to electricity reliability.

Our baseline results slightly underestimate the magnitude of the negative impacts of power
crunch on firms’ anticipatory investment when compared with those from the IV estimations that
address the potential endogeneity of perceived power crunch. We also provide further evidence for
interpreting economic significance of the power crunch by transforming categorical variables into
binary ones. We find that SMEs in our sample are up to 50% less likely to increase investment in the
next three months if they perceive power crunch. This is an important piece of cost information that
policymakers can factor in when designing their energy transition plans that may affect electricity
reliability. Furthermore, we find that the anticipatory investment by firms of smaller size are more
vulnerable to power crunch as they suffer disproportionately more than their larger counterparts.
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Our results suggest that given the climate change and the energy transition, governments
need to initiate policies to mitigate the persistent negative impacts on investment originated from
an increasing likelihood of power crunch. Technology solutions that can stabilize the power system,
such as energy storage and smart grids, could be deployed earlier in recognizing this extra cost re-
vealed in this paper. Moreover, the impacts are industry specific, suggesting that tailored measures
to improve the reliability of the electricity supply at the industry level would be more effective than
across-the-board measures. Demand response that promotes voluntary reduction of electricity use
during peak demand is highly desirable to mitigate the severity of power crunch.

The policy should also protect the confidence of SMEs. Typically, local government tends
to prioritize large firms due to their scale of economic outputs and size of employment. However,
large firms can better manage power crunch than SMEs because they can use revenues from other
regions or other business units to support those affected by power crunch. In contrast, SMEs do not
have other branches to hedge, and thus financial loss could threaten their survival. Therefore, poli-
cies should project SMEs even more than large firms. Our results also bear strong implications that
the mainstream media and policy makers need to investigate and care more about the fate of SMEs,
not just large firms, during periodic energy crises.

The financial sector can play a significant role in mitigating the negative impacts of power
crunch on SMEs’ by promoting sustainable energy practices and reducing their dependence on the
grid (May and Neuhoff, 2021). Financial institutions can offer financing options to help SMEs re-
duce their energy consumption and dependence on the grid. This can include financing for energy
audits, retrofits, and upgrades, which can help SMEs reduce their energy usage and costs. Financial
institutions can also help SMEs reduce their dependence on the grid through investing in renewable
energies, micro-grids and energy storage systems.

Given the positive externalities of SMEs on the labor markets and local economies, gov-
ernments can play a role in boosting SMEs’ confidence when they perceive power shortages. Gov-
ernments and financial institutions can work together to provide financing and technical support to
SMEs, helping them to overcome the barriers to accessing sustainable financing and energy-efficient
technologies.

Moving forward, the study can be enriched with survey data for a longer period of impact
and covering more recent years when power crunch resurfaces as a major economic concern (which
is an innocuous limitation of our sample), in other countries or with the consideration of more in-
dustry-specific factors such as electricity reliability requirements at the firm or industry level. Those
results can provide further guidance for setting energy transition action plans in other countries and/
or improve the policy making in China.
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APPENDIX

This appendix includes the following three items.

» Table A.1 presents the results of regressing current investment on firm’s perceived power
crunch.

» Table A.2 presents robustness checks for our benchmark regressions of mechanism
analysis inTable 4, using heterogeneity defined at the industry level.

» Table A.3 presents a battery of robustness checks for our benchmark IV regressions in
Table 5, including alternative IVs and a sample without industries sensitive to extreme
weather conditions.

Table A.1: Linear Regression Results for Current Investment

) 2 3) “) ®) (6) ©) ®)

PowerCrunchy, -0.086 -0.086 -0.091 -0.084 -0.084 -0.039 -0.038 -0.072
[0.023] [0.025] [0.038] [0.039] [0.038] [0.016] [0.014] [0.040]

Clustered S.E.’s N Y Y Y Y Y Y Y
Other controls N N Y Y Y Y Y Y
B-form dummies N N N Y Y Y Y Y
Industry dummies N N N N Y Y Y Y
Location dummies N N N N N Y Y Y
Time dummies N N N N N N Y Y
Firm Fixed-effects N N N N N N N Y
R? 0.07 0.07 0.11 0.13 0.14 0.24 0.26 0.16

Notes. Each regression has 30663 observations and 7015 firms. The dependent variable is the firms’ current investment (in
natural logs). Standard errors are in parentheses. Clustered S.E.’s are standard errors clustered at the industry level. Other
controls include credit constraint, labor productivity, and exporting status. B-form refers to the firms’ business form such as
limited liability companies and corporations. Industry is the 2-digit industry within the manufacturing sector such as foods,
beverages, and machinery. Location is the prefecture city. Time is one month. Columns (1)—(7) are estimated using pooled
OLS while column (8) is estimated using the fixed-effects panel regression.
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Table A.2: Additional Regression Results for Mechanisms

(6] (@) 3 “ (©) (6)
Linear Linear Linear Oprobit Oprobit Oprobit
Pooled Pooled Panel Pooled Pooled Panel
Panel A: Estimation results for the channel of electricity dependence (dependent variable: Antlnvest,,)
PowerCrunchy, -0.105 -0.097 —-0.033 —-0.258 -0.248 —-0.260
[0.006] [0.012] [0.008] [0.015] [0.029] [0.025]
PowerCrunchy, x ElecDependencey, 0.008 0.007 -0.011 -0.014 -0.019 -0.0031
[0.008] [0.011] [0.008] [0.018] [0.024] [0.028]
R? 0.09 0.32 0.37
Log pseudolikelihood —22240 -21887 —17880
Panel B: Estimation results for the channel of capacity utilization (dependent variable: Antlnvest;,)
PowerCrunchy, -0.076 -0.088 -0.044 -0.187 -0.217 -0.237
[0.009] [0.019] [0.013] [0.021] [0.043] [0.052]
PowerCrunch;y, x UnusedCapy, -0.0083 -0.0031 -0.0024 -0.0207 —-0.0085 -0.0057
[0.0009] [0.0011] [0.0012] [0.0034] [0.0023] [0.0021]
R? 0.10 0.32 0.44
Log pseudolikelihood —22644 —22284 —-18206

Clustered S.E.’s
Other controls
B-form dummies
Industry dummies
Location dummies
Time dummies
Firm Fixed-effects

Notes. Columns (1)—(3) and (4)—(6) have 30663 and 30127 observations (7015 and 6923 firms), respectively.
ElecDependencey, is the industry-level averaged electricity intensity that is defined as electricity consumption normalized
by output, while UnusedCapy, is the industry-level averaged unused production capacity that is defined as one minus
capital utilization rate. Standard errors are in parentheses. Clustered S.E.’s are standard errors clustered at the industry
level. Other controls include current investment, credit constraint, labor productivity, and exporting status. Averaged capital
utilization and electricity intensity are also included as controls. B-form refers to the firms’ business form such as limited
liability companies and corporations. Industry is the 2-digit industry within the manufacturing sector such as foods, bever-
ages, and machinery. Location is the prefecture city. Time is one month. Columns (1)—(2) are estimated using pooled OLS
while column (3) using panel regression. Columns (4)—(5) and column (6) are estimated using pooled and panel ordered
probit, respectively. The clustering and fixed-effect specifications apply to both panels.
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Table A.3: Additional IV Regression Results

(€] (@) 3
Alternative Alternative Excluding

v D) IV (II) Sensitive Industries
Panel A: Second-stage estimation results (dependent variable: Antlnvest;,)
PowerCrunchy, -0.238 -0.082 -0.085

[0.128] [0.035] [0.032]
Clustered S.E.’s Y Y Y
Other controls Y Y Y
B-form dummies Y Y Y
Industry dummies Y Y Y
Location dummies Y Y Y
Time dummies Y Y Y
Firm Fixed-effects Y Y Y
R? 0.34 0.39 0.41
Panel B: First-stage estimation results (dependent variable: PowerCrunch;,)
v 0.004 0.013 0.017

[0.001] [0.002] [0.001]
Clustered S.E.’s Y Y Y
Other controls Y Y Y
B-form dummies Y Y Y
Industry dummies Y Y Y
Location dummies Y Y Y
Time dummies Y Y Y
Firm Fixed-effects Y Y Y
Kleibergen-Paap rk LM statistic 10.98 20.88 19.44
Kleibergen-Paap rk Wald F statistic 41.55 401.23 419.14

Notes. Regression in column (1) has 19884 observations and 4322 firms, in column (2) has
16899 observations and 3705 firms, and in column (3) has 18115 observations and 3912 firms.
Standard errors are in parentheses. Clustered S.E.’s are standard errors clustered at the indus-

try level. Other controls include current investment, credit constraint, labor productivity, and
exporting status. B-form refers to the firms’ business form such as limited liability companies
and corporations. Industry is the 2-digit industry within the manufacturing sector such as foods,
beverages, and machinery. Location is the prefecture city. Time is one month. We consider two
alternative instrumental variables for the benchmark one, Temp_IVj,. The first alternative IV

is constructed as the monthly extreme temperature span at the county level. Compared with
Temp_IVy,, this alternative IV only has the extreme temperature span component, which arguably
increases the exogeneity of our IV at the cost of data variation. To balance the needs of data
variation and exogeneity, we construct the second alternative IV as the product of extreme tem-
perature span and initial-month (i.e., August 2015) industry-location-average power crunch. We
exclude the initial-month observations from the regression to increase the exogeneity of the aver-
age power crunch component. Column (3) employs the benchmark IV but excludes the industries
(i.e., food manufacturing, beverage manufacturing, tobacco processing, and feed processing) that
are sensitive to extreme weather conditions to reinforce the exclusion restriction of our IV. All
columns are estimated using IV in the fixed-effects panel regression.
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