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Abstract

Collateral is at the heart of modern financial system and plays an essential role in busi-
ness cycles and financial cycles. Leveraging detailed loan level data covering a major
city in China, the paper first provides stylized facts on bank loan collateral structure.
It then shows that facing the tension between heightened uncertainty and government
mandate of credit expansion during the GFC, banks significantly raise collateral re-
quirements while shortening loan maturity. Pre-existing relationship helps in obtaining
bank loans in normal times but has less bite during the GFC. As a further consequence,
firms are forced to curb investment in intangible assets, resulting in less firm innova-
tion. The anatomy of the collateral dynamics sheds light on how credit gets created
and (mis) allocated during the GFC, and provides micro-level evidence for some recent

salient macroeconomic facts on China.
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1 Introduction

Collateral is at the heart of modern economy and plays a critical role in financial cycles,
business cycles, and resource misallocation (Geanakoplos, 2010; Kiyotaki and Moore, 1997;
Midrigan and Xu, 2014). Despite significant developments on the theoretical front, empirical
evidence and stylized facts are still lacking, and there are many open empirical questions such
as, what are collateral patterns in loan contracts for emerging economies like China (given
the crucial importance of bank loans for financing growth)? How do collateral requirements
in bank loan contracts change over the business cycles 7 What are the real consequences of
the collateral dynamics?

China constitutes a unique setting to address these questions for the following reasons.
First, in response to the global financial crisis (GFC, hereafter) shortly after the collapse
of Lehman, Chinese government rolled out a massive economic stimulus package, including
government spending plans (the “four trllion” stimulus) and credit expansion policies. Fol-
lowing the stimulus, there has been a dramatic surge in new bank loan issuance, as evidenced
by panel A in figure 1 which presents the changes in the overall outstanding amount of bank
loans. There was actually a great credit boom in China after the Lehman episode. The
credit boom triggered by the GFC is the natural backdrop for the research. Second, like
many emerging economies, China’s credit markets are bank-centric and collateral plays a
critical role in loan contracts. A study of the collateral structure can shed light on the credit
creation and credit cycles of these economies. Third, to implement the stimulus package,
Chinese banks (mostly state-controlled) face a big tension: on the one hand, it is an imper-
ative to extend credit according to the policy mandate of the central government; on the
other hand, the banks are concerned about default risks at a time of heightened uncertainty
after Lehman collapsed. As a result, collateral constraint becomes more binding for credit
expansion. To the extent that more efficient firms (mostly privates firms) may be more
collateral-constrained, the credit boom may have led to massive misallocation. Lastly, given
China’s rising economic importance and the great transition in the past decades, under-
standing the nature of the dynamics of China’s economy has crucial implications for China
and the world as well.

Leveraging a proprietary bank loan contracts dataset, the paper aims to address the

questions raised at the beginning. The sample covers all loans issued between 2006 and



2010 by one of the big four state-owned banks in China in a big city located in east China.
In particular, the paper tries to achieve the following goals. First, we provide a set of
stylized facts on the collateral dynamics of bank loans over the business cycle. Second, by
linking loan-contract data and borrower-firm level data, we provide micro-evidence on how
collateral structure and changing requirements affect credit creation and affects firms’ real
decisions. Finally, we try to account for some salient macroeconomic facts on China after
the GFC: surging debts, housing boom, economic slowdown, and declining aggregate TFP
and increasing dispersion of TFP across firms.

There are three features that make our dataset especially interesting. First, it covers
a wide range of industries and thus is not limited to manufacturing firms. This allows us
to explore more on the industry-wise heterogeneity. Second, the sample includes a large
number of loans to small and medium firms. Most datasets focus on large and medium
firms only and our data provides an opportunity to take a glance at the part of firms that
are usually “missing”. Last but not least, it provides details on the underlying collateral.
Previous researches mostly rely on Chinese Annual Survey of Industry Enterprises which
is essentially a survey on large and medium manufacturing firms, or the Chinese Banking
Regulatory Commission loan-level dataset that covers mostly large firm with no information
on loan rate and collateral (Hau and Ouyang, 2018; Huang et al., 2020; Cong et al., 2019).
The unique features of our sample allow us to explore the collateral structure in Chinese
bank loans and see how it responds to the credit expansion during the GFC.

We first report several stylized facts on the Chinese bank loan collateral structure.
Overall, earnings-based (unsecured and guaranteed loans) and asset-based loans (mortgage

! Mortgage loans constitute the

and pledge loans) are about equal in terms of volume.
largest (39.09%) among the four types of loans. What’s more, the composition of collateral
structure is significantly related to certain firm characteristics. Highly rated, large or medium
sized SOEs borrow more unsecured. Lower-rated, large or medium sized firms, regardless of
ownership structure, obtain more guaranteed loans. Mortgage loans are for small non-SOEs

of all ratings and pledge loans are the most detached from firm features.

Unsecured loans are completely backed by borrower’s creditworthiness. Guaranteed loans requires
further credit enhancing through guarantees provided by third parties. Mortgage (diya) loans and pledge
(zhiya) loans are backed by assets. This difference lies in the actual delivery of the asset from the borrower
to the lender, which is necessary only in the case of pledge loans. Section 2.4 introduces the four types of
loans in detail.



We then further explore how the loan structure responds to the credit expansion during
the GFC. Using the outstanding volume of each type of loans at quarter-ends, we find that
mortgage and pledge loans increase while guaranteed loans drop as compared to unsecured
loans during the credit expansion in China. The collateral structure analyses further confirm
the shift from earnings-based loans to asset-based loans. Post the credit expansion, the
outstanding volume share of mortgage loans rises by 3.8% while that for unsecured and
guaranteed loans drop by 0.7% and 2.8%, respectively. During the crisis, despite easing
monetary policy, firm’s future prospects become more uncertain and future earnings are
hard to predict. The guarantee from third-party is not as reliable during the financial crisis
as before given that the guarantors may also be exposed to the shock. Rising agency costs
makes it less appealing to lend earnings based loans. In this case, the provision of collateral
adds better protection to the loan in the case of borrower default. Thus, we would observe
unsecured and guaranteed loans making way for asset-based loans such as mortgage and
pledge loans.

The baseline findings are consistent with bank’s raising collateral requirements while
expanding credit under high economic uncertainty. We then provide some robustness checks
and heterogeneity analysis. First, the major identification challenge for researches that
focus on the impacts of credit supply is to isolate changes from credit supply and demand
(Amiti and Weinstein, 2018). The Difference-in-Differences setting in volume analysis and
the scaling by total loan volume should iron out the average change in firm credit demand.
We also control for firm credit demand by including firm*time fixed effects following Khwaja
and Mian (2008). Second, we exclude the possible impacts of varying firm composition by
focusing on non-SOESs, large and medium sized firms, and high rating firms only. Third, there
are contemporaneous policies such as the “Four trillion economic stimulus” that intentionally
guide funding to specific industries. Our results remain robust upon excluding these target
industries. Finally, the shock of financial crisis might be unevenly distributed among firms
and the bank should respond heterogeneously to firms with different shock exposure. Indeed,
we find that the increase in collateral requirements are milder and the interest rate is also
comparatively lower for SOEs. Being the most directly affected ones, foreign trading firms
are charged with significantly higher interest rates as well as higher collateral requirements.

Aside from the rising collateral requirements, we are also interested in changes along

other dimensions of loan policies. First, the “flight from maturity” grant banks a quick



escape from worsening economic conditions. Consistent with this, we find that the average
loan maturity shortened by 0.44 months while for unsecured loans, which are the most
exposed to borrower credit risk, the magnitude of maturity shortening jumps up to 0.434
years. The maturity shortening indicates stricter financing constraints for firms, which may
make them refrain from long term investments including R&D. Second, the banking literature
has long documented the presence of relational lending (Hoshi et al. 1990a; Petersen and
Rajan, 1994; Chodorow-Reich, 2014). We confirm that pre-existing relationship raises both
the probability and the volume of funding. However, the power of relationship weakens
substantially in the credit boom during the GFC. As “soft collateral”, relationship seems to
be replaced by solid collateral.

The change in bank loan policy may induce firms to alter their behaviors. As argued by
Campello and Hackbarth (2012), firms’ investment spending is affected by the availability of
financing and additional investment in tangible assets relaxes borrowing constraints. With
banks further raising collateral requirements, firms may change their investment decisions
accordingly to facilitate future funding needs. Investing in real estates could help firm obtain
funding from banks while the products of intangible investment are usually not accepted as
collateral. Thus, it is likely that the rising collateral requirements may induce firms to
prioritize real estate investments over intangible investments such as R&D. Merging the
loan records with China’s Annual Survey of Industrial Enterprises and enterprises’ patent
application data, we find that firms with increased share of asset-based loans also apply for
significantly less patents and this is especially prominent for firms with rising mortgage loan
share. This indicates the possible real impacts associated with bank’s changing collateral
requirements and provide some evidence for recent salient macroeconomic facts on China
including the slowing economic growth, declining TFP growth rate, and the subsequent
housing boom.

The paper is related to four strands of literature. First, recently there are increasing
research on corporate debt structure and borrowing constraints. We provide stylized facts
from emerging markets which complement the current literature and thus facilitate cross
country comparison. Macro finance literature usually links firm’s borrowing capacity with
cash flows from firms’ operations or the liquidation value of physical assets that could be
used as collateral (Stiglitz and Weiss, 1981; Holmstrom and Tirole, 1997; Hart and Moore,
1994; Hart and Moore, 1998; Kiyotaki and Moore, 1997; Bernanke et al., 1999; Mendoza,



2010). Lian and Ma (2021) distinguish between asset based debt and cash flow based debt,
and document the prevalence of the latter among U.S. nonfinancial firms. Using a compre-
hensive bank loan dataset with details on underlying collateral, Caglio et al. (2021) highlight
the heterogeneity in borrowing constraints for different firms and shows that collateral re-
quirements are higher for small and medium enterprises. Using a unique bank loan level
dataset, we provide stylized facts on the Chinese bank loan collateral composition and find
that the patterns in China share some commonalities with but also differ from the U.S. in
many dimensions.

Second, this paper contributes to the large body of literature on the bank lending channel
of monetary policy transmission but emphasizes the importance to distinguish between loan
types (Bernanke and Gertler, 1995; Chodorow-Reich, 2014; Jiménez et al., 2020). Previous
literature explores how bank credit supply is influenced by either monetary policy or financial
shocks but remains mostly silent on the impact of the two factors combined, i.e., the problem
of credit allocation in credit expansion during a financial crisis (Kashyap et al., 1993; Kashyap
and Stein, 2000; Ivashina and Scharfstein, 2010). The prominent features of crisis include
drastically worsening economic environment and heightened uncertainty. Even with cheap
and abundant funding, to whom and in which form should the banks allocate the money
remains an intriguing question. Focusing on the credit boom during the GFC, we explores
the possible answer to this question from the perspective of collateral structure.

The heterogeneity in collateral constraints could lead to different implications for credit
allocation and may affect monetary policy transmission through the bank lending channel
(Lorenzoni, 2008; Diamond et al., 2020; Crouzet and Eberly, 2018). Indeed, Caglio et al.
(2021) find that monetary policy transmission and risk taking differ across different types of
firms and their findings imply that the firm size distribution and collateral type matter for
the aggregate effect of monetary policy. Ivashina et al. (2021) emphasize the importance to
distinguish between loan types while investigating the effects of monetary policy or financial
crisis. They show that cash-flow loans are the main drivers and asset-based credit is mostly
insensitive. Nevertheless, it remains elusive on how credit supply across loan types would
change when credit boom occur contemporaneously with crisis. Different from their findings,
we show that the combination of easing monetary policy and financial crisis points to the
expansion of asset based loans dominating that of cash flow based loans.

By directly examining the question of how credit gets created and allocated during the



credit boom, our paper contributes to the literature on credit allocation in China during the
financial crisis. Rather than focusing on credit reallocation across sectors differentiated by
ownership, we provide a new perspective by examining the changing collateral requirements
of banks. The most related paper is Cong et al. (2019) and they study the credit allocation
across firms and its real effects during China’s economic stimulus plan of 2009 - 2010. They
find that the credit expansion disproportionately favors state-owned firms and firms with
lower production efficiency. Focusing on the credit allocation between the public and private
sectors, Huang et al. (2020) show that the massive post-crisis increase in local public debt
crowded out private investment. This finding resonates with the decrease in production
efficiency and economic growth as private firms have much higher productivity than SOEs
(Song et al., 2011). Our paper investigates the credit allocation problem from the perspective
of loan type and points out that aside from credit reallocation across different types of firms,
there is also a reallocation across different loan types. The rising collateral requirements
could help explain the credit reallocation towards firms with lower efficiency and may further
contribute to the declining economic growth rate over time.

Finally, our paper is related to the literature that focuses on finance and misallocation
and offers related empirical evidence. Rather than placing finance as a side show, the finance
and misallocation literature points out that financial constraints could have real impacts
(Buera et al., 2011; Moll, 2014). Midrigan and Xu (2014) further evaluate the role of financial
frictions in determining total factor productivity. Concerning collateral and misallocation,
current theoretical works emphasize the impact of collateral constraint over the business cycle
(Gorton and Ordonez, 2014; Asriyan et al., 2021). Our paper contributes to this strand of
literature by showing empirical evidence of increased collateral requirements in bank loans
accompanied by reduced firm innovation.

The paper proceeds as follows. The next section first introduces the background on
the credit boom in China during the GFC. We then perform a detailed description on our
dataset and provide some stylized facts about the bank loan collateral structure and its
determinants. With a thorough understanding of our data and the basic loan structure, we
then present our empirical strategy and baseline findings in section 3. Section 4 provides
robustness checks and heterogeneity analysis while section 5 discusses other dimensions on
bank loan policy. Upon knowing how bank loan collateral structure changes post the GFC,

we further investigates the possible real impacts in section 6. Section 7 concludes.



2 Background, Data, and Stylized Facts

2.1 China’s 2008 Economic Stimulus Plan

With heavy reliance on international trade, the Chinese economy experienced a sub-
stantial hit during the 2007-2009 GFC. China’s GDP growth rate fell to 6.8% in the fourth
quarter of 2008 from 9% in 2008Q3, only about half of the 13% yearly growth rate in 2007.
In response to the drastic shock, Chinese government rolled out a massive economic stimulus
package which is a combination of fiscal and credit programs in November 2008. Cong et al.
(2019) provide a detailed introduction on the structure of China economic stimulus plan.

The fiscal part of the stimulus plan, which is also widely recognized as the “four trillion
stimulus package”, entails government spending 4 trillion RMB on a wide range of infras-
tructure and social welfare projects, including 1 trillion on infrastructure repairs following
the 2008 Wenchuan earthquake. Among the 4 trillion, the central government funded for
about one third and the remaining were expected to be funded by local governments. Bai et
al. (2016) show that the local government part of the stimulus was largely financed by local
financing vehicles that borrowed and spent on behalf of local governments and the funding
mainly originates from bank credit (Chen et al., 2020).

Aside from boosting government spending, the Chinese government also encouraged
substantial bank credit expansion by simultaneously raising lending quotas, lowering required
reserve ratio, and decreasing the benchmark lending rate. Panel A in Figure 1 presents the
monthly changes in the outstanding amount of bank loans from the total social financial data
of the People’s Bank of China. Consistent with the credit boom, there is an unprecedented
surge in the bank loan volume starting from 2008Q4. We then investigate the question of

how the bank credit gets created and allocated during the crisis.

2.2 Sample Description

We obtain proprietary data on bank loan contracts issued by one of the big four state-
owned commercial banks in a big city located in east China provinces from March 2006 to
June 2010. As we mentioned earlier, most of the credit were distributed out through banks
during the 2008 Chinese economic stimulus, among which state-owned commercial banks

constitute the major force. Being one of the big four state-owned banks, our issuer alone



covers about 8% of total bank loans outstanding in that prefecture city in 2006 - 2007 and
the number doubles to 16.9% by the end of 2008 (See Figure Al in Appendix). As shown
in panel B of Figure 1, the total outstanding bank loan volume also rises sharply starting
from the fourth quarter of 2008, consistent with the aggregate bank loan pattern as shown
in panel A. The surge in market share and loan volume is in line with the fact that state-
owned banks play a major role in the 2008 credit boom. Nation-wide speaking, our issuer
accounts for around 10% of total outstanding bank loans, close to the number from our
sample. This shows that the banking market structure of this city is similar to the country
average, alleviating the concern that this city might be an outlier compared to the rest of
the country. Focusing on a representative state-owned commercial bank covering both pre-
and post- 2008 periods, our sample is appropriate for exploring how credits get created and
allocated when banks face the tension of high economic uncertainty and mandatory credit

expansion during the GFC.
[Insert Figure 1 Here]

Our data provides comprehensive and detailed information about the underlying bank
loans. For the lender side, the name and ID of the issuing branch for each loan are recorded.
Concerning the borrower side, we know the firm name, firm ID, industry, bank internal
rating, firm size, and firm ownership. ? ? For each loan, the data includes loan-specific
ID, interest rate, total volume, start date, maturity, classification of the loan (pass, special
mention, substandard, doubtful, loss), special mention (substandard, doubtful, or loss) value,
loan officer, loan type, and details on the underlying collateral or guarantors, if applicable.

There are three features that make our data especially interesting. First, due to data
constraint, previous researches on the 2008 China’s credit boom mostly rely on the Chinese

Annual Survey of Industrial Enterprises (ASIE) which covers manufacturing firms only. Our

2The industries recorded in the data are not aligned with the Chinese industrial classification for national
economic activities. For example, in our sample, trading firms are classified according to the type of trading
partners, and are thus grouped as domestic trading and foreign trading firms. However, the industrial
classification for national economic activities classifies firms according to the commodities traded.

3Rating and firm size also follow the bank’s internal guidelines. Bank’s internal guidelines usually follow
related regulations and law. For the classification of firm size, the bank follows the guidelines of National
bureau of statistics in China and combines four dimensions of information: employment, sales revenue, total
asset, and industry.



data, however, includes bank loans to over 23 industries spanning from manufacturing indus-
tries such as textile to service industries like tourism. * As shown in Figure 2, manufacturing
industries only account for around 60% of total loan volume. Service industry accounts for
15% and another 20% goes to transportation, construction, and utility industries. Note that
the value share of loans to manufacturing firms drops while that for transportation, construc-
tion, and utility rises post 2008q4. This might be an outcome of the four trillion stimulus

plan which emphasizes investment in target industries like transportation and construction.
[Insert Figure 2 Here]

Second, our bank loan data includes a large number of loans to small and medium firms
(SMEs). Loans for small firms are also missing in the previous research using bank loan
data collected by the Chinese Banking Regulatory Commission as it only covers firms with
annual outstanding balances equal or above 50 million RMB (Cong et al., 2019). As for other
commonly used datasets, listed firms are mostly of large-size and ASIE data is effectively a
census on medium and large firms. ° Our data thus provides an interesting opportunity to
take a glance at the part of firms that are usually missing in other datasets. Finally, our
bank loan data also specifies details on the underlying collateral which enables us to explore
how collateral constraint changes during the 2008 credit boom.

Before further analysis, we perform the following data cleaning procedure: (i) drop
observations with missing firm ownership; (ii) keep loans denominated in RMB only; (iii)
drop loans with missing or abnormal loan volume; © (iv) drop loans with 0 interest rate or 0
maturity, as these are likely to be wrongly recorded. The final sample includes 31,797 loans
issued to 2,828 firms. Among all firms, 1,351 (47.77%) are small firms and 1,223 (43.25%)
are of medium size. In terms of ownership, only 139 firms are state-owned and the rest 2,689

all belong to private enterprises.

4The industries include: light industries, machining, textile, domestic trade, real estate, municipal in-
frastructure, electronics, transportation, electricity, foreign trade, chemical, pharmaceuticals, petrochemical,
metallurgy, transportation, construction, construction material, agriculture, finance, tourism, military, to-
bacco, communication service, coal, etc.

5The threshold for annual sales is 5 million RMB until 2010 and rises to 20 million RMB from 2011
onward.

6Here “abnormal volume” includes the following circumstances: (1) loans recorded as normal but with
positive special mention, substandard, doubtful, or loss volume; (2) loans classified as special mention (sub-
standard, doubtful, or loss) but with 0 special mention (substandard, doubtful, or loss) volume;



2.3 Summary Statistics

Panel A in Table 1 presents the summary statistics on loan volume, interest rate, and
maturity for the whole sample. There is vast heterogeneity in terms of loan size with the
standard deviation being 16.2 million RMB. The average loan volume is 5.13 million RMB,
which far outsizes the median of 1.5 million RMB. This indicates that there is a large number
of small loans and a few with enormous size. Panel A also shows the summary statistics
on the value of loans classified as special mention, substandard, doubtful, or loss. The last
three types of loans are considered as nonperforming. The first thing worth noting is that
these circumstances are quite rare with over 95% of the loans being recorded as pass. There
are some loans marked as special mention but nonperforming loans are extremely rare. In
fact, the 99" percentiles for substandard, doubtful, and loss value are still 0. The low
nonperforming loan ratio may be evidence for the strong balance sheet of the state-owned
banks.

In terms of interest rate, the simple (volume weighted) average interest rate is 5.66%
(5.77%). These numbers stay close to the benchmark lending rate assigned by the central
bank of China. The last row in panel A shows the summary statistics on loan maturity.
The simple average of loan maturity is 0.71 years. As a comparison, the volume weighted
average loan maturity is 1.61 years, meaning that larger loans also tend to have longer
maturity. Interestingly, half of the loans in our sample have a maturity of less than 6
months and 95% is within one year. The overwhelming majority of short-term bank loans
is more of a country-wide phenomenon than due to sample selection bias. Another dataset
containing loans originated by the nineteen largest Chinese banks covering around 80% of
total outstanding bank loans to Chinese firms also exhibits a similar pattern, with more than
75% of loans being short-term (Cong et al., 2019).

[Insert Table 1 Here]

To provide a more detailed examination on our bank loan data, panel B in Table 1
further classifies bank loans according to firm’s ownership structure, size, and rating. First
of all, in terms of ownership structure, SOE loans are of larger size, lower rate, and
longer maturity. The majority of loans in our sample flow to non-SOE firms. Non-SOE
firms account for 83.45% of total loan volume and 93.17% of total numbers of loans. As

we mentioned earlier, only 139 firms in our sample belong to SOEs. The relatively smaller
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share of SOEs could be explained by the fact that the city is located in east China with
very active private sector. State-owned firms are relatively less powerful there. ” Panel (a)
and (b) in Figure 3 present the value-weighted interest rate and maturity distribution for
SOEs and Non-SOEs, respectively. The gray lines are for SOEs and the navy lines are for
Non-SOEs. In terms of interest rate, panel (a) indicates that prior to 2008q4, SOEs and
Non-SOEs do not significantly differ in terms of borrowing cost. There are even certain
periods when SOEs would be assigned a higher cost on average as compared to Non-SOEs.
Post 20084, however, there emerges an obvious gap between the borrowing costs of Non-
SOEs and SOEs, with SOEs sharing a lower rate. Besides, the overall pattern in panel (a)
shows that interest rate experiences a sharp decline starting from 2008q4, dropping from
around 7% to about 5%. This is because as part of the stimulus plan, the central bank
of China lowered its benchmark lending rate, which constitute the lower bound of bank’s
lending rate. The benchmark lending rate for loans with maturity between 6 months and 1
year was lowered by 2% in 2008q4, from 7.47% to 5.31%. The pattern in panel (a) perfectly
squares with the policy change. Panel (b) shows the volume share of short-term loans for
these two types of firms.® SOEs always have a smaller share of short-term loans, indicating
that SOE loans are of longer term. The fact that Non-SOEs borrow short term means that

these firms are imposed with a higher degree of financial constraints.
[Insert Figure 3 Here]

We also classify bank loans according to firm size. As firm size goes up, loans
are larger with lower average rate and longer maturity. In our sample, over half
of the loans flow to medium-sized firms. Loans to large firms account for 37.95% of total
loan volume but only 13.26% in terms of the number of loans. This indicates that loans
to large firms are also of far larger size. The most interesting part of our data is that it
also covers a considerable amount of loans for small firms. This part of loans only take up

11.49% of total loan volume but account for 36.09% in terms of loan contracts. As private

"Note that we can not exclude the probability that some firms might be registered as private firms but
are in reality controlled by state-owned firms or institutions if we trace further back to its ultimate holder.
It is also likely that some state-owned firms might be acquired and controlled by private firms and yet
still recorded as SOEs in our sample. Both scenarios are likely to occur. As we would not emphasize the
ownership structure in this paper, this would not pose severe problem for our analysis.

8Here short term means loans with maturity less or equal to one year.
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small and medium enterprises constitute a non-negligible driving force for Chinese economic
growth prior to 2008 and they also shoulder the majority of employment and investment, it is
important to understand how bank credit access alters for these firms during the credit boom
in 2008. Panel (c) and (d) in Figure 3 present the average rate and maturity distributions
for firms of different size. The navy, light blue, and dashed gray lines are for small, medium,
and large firms, respectively. As shown in panel (c), the navy line almost always lies above
the other two and the dashed gray line is usually the lowest of the three. This means that
borrowing cost drops as firm size goes up and small firms are charged with the highest rate.
The positions of the three lines are the same in panel (d). Aside from having the highest
rate, loans to small firms are also more likely to be short-term. The higher borrowing cost
and shorter maturity both reveal the less favorable borrowing conditions for the small firms.

Finally, in the bottom part of panel B in Table 1, we report the summary statistics
of bank loans according to firm rating. Ratings are grouped into four bins: AAA-A, BBB-
B, CCC-D, no rating. * As Chinese state-owned banks are usually rather stringent in risk
management, it is not surprising that the majority of loans are issued to AAA-A and BBB-B
firms. Loans for AAA-A firms are usually of larger size, compared to those for BBB-B firms.
Interestingly, loans for CCC-D firms are much larger with the average loan size being 1026.7
million RMB, exceeding that for AAA-A (701.96 million) and BBB-B firms (487.03 million).
The larger size is possibly related to the specific industries of the lower rating firms. Panel
(e) in Figure 3 shows the value-weighted average interest rate for firms in these four rating
bins. Except for loans to firms with no rating, the rest three lines are consistent with usual
understanding that riskier firms have higher borrowing cost. The maturity distributions in
panel (f) are quite messy and do not show any particular pattern. Nevertheless, one thing is
consistent with the previous panel (b) and (d): there is overall an upward trend over time,
meaning that there might be a maturity shortening. For firms with no rating, the average
loan size is the smallest, with its average maturity being the shortest and interest rate being
the lowest. We will see later that firms with no ratings mainly borrow through pledging
banker’s acceptance, commercial acceptance, or certificates of deposit. These securities are
short-term and are more liquid than collateral such as real estate. The high quality and short

maturity of the pledged collateral could explain for the characteristics of the bank loans for

9The issuer bank would not assign ratings to government-affiliated institutions. Also, for borrowers with
no borrowing history, the current rating would also be empty.
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no-rating firms.

2.4 Overview of Collateral Composition

One remarkable feature of our bank loan data is that it specifies the type of bank loans.
That is, it specifies whether a bank loan is unsecured, guaranteed, mortgage, or pledge loan.
For guaranteed, mortgage, and pledge loans, the data also specifies the type of guarantors,
or the type of collateral. These four types of loans differ in terms of the underlying collateral.
Unsecured loans and guaranteed loans are backed by credit, only that unsecured loans rely
on the borrower’s credit alone while guaranteed loans are based on the credit of both the
borrower and the guarantor. Mortgage and pledge loans, on the other hand, are backed by
assets. Recent literature distinguishes between asset based loans (ABLs) and earning-based
loans (EBLs), or going-on concern debt (Lian and Ma, 2021; Kermani and Ma, 2021). ABLs
are loans secured by fixed assets, real estate, cash and marketable securities, and account
recievables and inventory (AR&I). The value of ABLs are determined by the liquidation
value of the collateralized assets. In contrast, the value of EBLs derives from firm cash-flows.
Under this criterion, mortgage and pledge loans are ABLs while unsecured and guaranteed
loans fall under EBLs. As our data also includes details on the underlying collateral type,
we could provide a more granular grouping of the loans while keeping a consistent mapping
with the existing literature.

In this subsection, we will first provide baseline stylized facts on the collateral composi-
tion of bank loans. Loan level data with detailed information on the underlying guarantees
or collateral is hard to obtain. As far as we know, there are two papers that study the
underlying collateral structure of bank loan: Caglio et al. (2021) with U.S. administrative
firm-bank-loan level data covering over 85% of U.S. banking sector since 2012, and Ivashina
et al. (2021) with detailed credit registry data from Peru and Spain. This section comple-
ments the existing research by providing stylized facts on bank loan collateral composition.
The collateral composition in China bear some commonalities with U.S. and Spain, but there
also exists vast differences. These stylized facts would facilitate cross-country comparison

and deeper understanding of this topic.
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2.4.1 Earnings-based Loans (EBLs)

Figure 4 shows the composition of the four types of loans in our sample. Unsecured
loans account for 17.35% of total loan volume and 3.47% of total numbers of loans. With
no protection provided by guarantees or collateral, unsecured loans are completely backed
by the borrowers’ creditworthiness. Thus, only those large firms with strong credit would be
able to obtain unsecured financing. Figure 5 presents the maturity distribution for different
types of loans. The maturity of unsecured loans tends to be longer as compared to other

types of loans, with 35% of loans being one year or longer term loans.
[Insert Figure 4 Here]

Aside from borrower’s own creditworthiness, guaranteed loans require further credit
enhancing through guarantees provided by third-parties (the guarantors). As specified by
the Civil Code of the People’s Republic of China, the forms of guarantee include general
guarantee and joint and several liability guarantee. In the case of general guarantee, the
guarantor shall bear guarantee liability when the debtor fails to perform his obligation. In
the case of joint and several liability guarantee, the guarantor and the debtor are jointly
and severally liable for the obligation. The major difference is that the creditor is better
protected in the case of joint and several liability guarantee as the guarantor would assume
stronger liability. Chinese banks are usually the more powerful side and would usually require
the guarantor to assume joint and several liability. So, guaranteed loans are based on the
creditworthiness of the borrower and the guarantor combined. 20.29% of loans in our sample
are guaranteed loan, together taking up 33.89% of loan volume. Among all guaranteed loans
in our sample, 28.4% has a maturity of 3 - 6 months and there is another 47.75% with
a maturity between 6 months - 1 year. The majority of guaranteed loans are short-term,
consistent with the overall pattern. Panel A in Table 2 decomposes the guaranteed loans
based on guarantor types. Among the 6,453 guaranteed loans, 5,265 (81.59%) are guaranteed
by other firms. Forming cross guarantees and guarantee networks is a common approach
for obtaining credit among private economies. There are also some loans that rely on large
state-owned firms, commercial banks, or policy banks as guarantors, but the number is quite

limited.
[Insert Figure 5 Here]

14



Unsecured loan and guaranteed loan should both be considered as EBLs as their valua-
tions both rely on firm’s cash flows. Taken together, 51.12% (23.76%) of the loans are EBLs
in our sample in terms of value (numbers of loans), similar to the case in Spain. Note that
though guaranteed loans constitute a considerable part of our loan sample and account for
about 1/3 of total loan volume, this type of loan is not seen in U.S. (Caglio et al. (2021)).
There is also one type of EBLs that is important in U.S. but not seen in our sample, the
blanket liens. Blanket liens are loans secured by substantially all assets of the firm aside
from the asset already used as collateral. In the U.S. data, blanket liens account for about
30% of total loan value for all firms except for the largest public ones. To our understanding,
the reason that blanket lien is not seen in China is because of legal issues. Under the current
relevant guarantee system of the Civil Code of the People’s Republic of China, it is required
that the movable under lien should be in the same legal relationship as the debt claim. *°
The legal requirements restricts the lien in China to possessory lien applicable to movables
only. Thus, blanket liens popular in U.S. that put all firm assets under lien to back future

debt repayment are not compatible with China’s legal system.

[Insert Table 2 Here]

2.4.2 Asset-based Loans (ABLs)

Among all four types of loans, mortgage loans are the largest both in terms of volume
and loan number. 47.89% of loans in our sample are mortgage loans, accounting for 39.09%
of total loan volume. The relatively smaller share in terms of loan volume indicates that
individual mortgage loan size is on average smaller than the sample average. This is contrary
to the case in Spain and Peru, where asset based loans far outsize cash flow based loans.
As can be seen from figure 5, the maturity distribution of mortgage loans is quite close to
that of guaranteed loans. But different from unsecured and guaranteed loans which are both
credit-based, mortgage loans are backed by physical assets, especially real estates. Panel B

in Table 2 provides further details on the types of underlying collateral used in mortgage

10 Article 62 of the Interpretation of the Supreme People’s Court of the Application of the Relevant
Guarantee System of the Civil Code of the People’s Republic of China: Where a debtor fails to perform
its debts when they become due, and the creditor has a lien in and lawful possession of the movable of
a third party by reason of the same legal relationship, and claims priority of payment from the property
under lien, the people’s court shall uphold the claim. The previous version of property law imposes a similar
requirement, though the wording is slightly different.
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loans. Real estate for manufacturing purposes, such as factory buildings and land, are the
most common type of collateral. As shown in panel B, 88.88% of mortgage loans are backed
by these assets. In some cases, though uncommon, banks also accept residential real estate
(2.13%) and chattel (1.23%) as mortgage collateral.

There is one last type of loan that is also collateral based, the pledge loan. One im-
portant feature that distinguishes pledge loans from mortgage loans is that the possessory
title to the pledged property owned by the pledgor would be conveyed to the pledgee in
a pledge loan. In the case of mortgage loans, the borrower could still continue using the
collateral while the loan contract lasts but not so in the case of pledge loan. The possessory
title transfer limits the range of assets used in pledge loans. Unlike mortgage loans where
collateral typically includes physical assets (hard to deliver or transfer), pledge loans usually
use financial assets (easy to deliver). The pledged assets in our sample are mostly banker’s
acceptance bills, commercial acceptance bills, certificates of deposit, or other financial as-
sets. Compared to physical assets such as real estate, the financial assets used in pledge
loans are usually more liquid and with market prices. With the high quality and liquidity
of the collateral, in addition to the actual delivery of the pledged asset, pledge loans should
be the safest type of loans and the least reliant on borrower’s credit.

In our sample, 28.35% of bank loans are pledge loans but taken together, they only
account for 9.79% of loan value. Panel C of Table 2 shows the composition of different types
of collateral in pledge loan. Among all 9,015 pledge loans, 5,978 (66.31%) are backed by
banker’s acceptance and only 358 are backed by commercial acceptance. Banker’s acceptance
is a promised future payment from a bank while in the case of commercial acceptance bill,
the payment is promised by a non-bank institution. In the early 2000s, banks in China
bear implicit government guarantee and it is believed that banks would never default. Thus,
banker’s acceptances bills are safer assets compared to commercial acceptance bills. With
the majority of collateral being banker’s acceptance bills, pledge loans should be very safe.
Note that the maximum maturity of banker’s acceptance bill is 6 months, which then limits
the maturity of pledge loans. ' Indeed, Figure 5 shows that the majority of pledge loans

locate in the maturity bucket of 3 - 6 months. Aside from acceptance bills, RMB certificates

1Tt is required that banker’s and commercial acceptance bills should all be gradually shifted from paper
version to electronic version post 2009. The longest maturity of electronic acceptance bill is extended to 1
year.
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of deposits are also used in pledge loans. Other types of collateral include foreign currency
denominated certificates of deposit, foreign exchange, sovereign bonds, financial bonds, etc.

Both mortgage and pledge loans are ABLs and they account for 48.88% of loan value
in our sample. It is interesting to make a comparison between the types of the collateralized
assets in our sample and in the U.S. In our sample, the two mostly widely used types of
collateral are real estate and banker’s acceptance bill. Banker’s acceptance bills would be
classified as marketable securities but all cash and marketable securities only make up a tiny
portion of total U.S. firm loans. In the U.S. data, collateral for ABLs includes the following
assets: real estate, fixed assets, cash and marketable securities, and accounts receivable
and inventory (AR&I). Among U.S. private firms, loans that use fixed assets and AR&I as
collateral account for 30% - 50% of total firm loans, among which AR&I takes up a larger
share. These two types of collateral, however, are absent or rarely-used in our bank loan
data.

2.5 Collateral Composition and Firm Characteristics

In the previous subsection, we present an overview of collateral composition in our
sample. The four types of bank loans differ in the requirements for guarantees and collateral.
This naturally leads to some further questions: what kinds of firms could obtain unsecured,
guaranteed, mortgage, or pledge loans? For firms borrowing through the same type of bank
loans, do they share any common characteristics that lead to the credit allocation outcome?
In this subsection, we link bank loan type with firm characteristics and investigate the

determinants of collateral composition.

2.5.1 SOEs Face Lower Collateral Requirements

The first dimension that we consider is ownership. This is especially relevant in China
as the ownership structure means far more than simply its equity holding structure. As
we already see in section 3.2, SOE firms are often privileged in obtaining credit compared
to Non-SOFEs. This is on the one hand consistent with political targets such as supporting
state-owned sectors. On the other hand, SOEs are inherently backed by governments and
they are unlikely to default. Banks thus have both political and economic incentives to

channel funding to SOEs. What’s more, as SOEs bear higher creditworthiness, banks should
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not emphasize too much on additional credit enhancement such as guarantees or collateral.
Figure 6 shows that this is indeed the case. We report the volume shares of the four types
of bank loans for SOEs and Non-SOEs separately. About 40% of loans are unsecured for
SOEs while the number is only 12.6% for Non-SOEs. SOEs tend to use fewer guaranteed and
mortgage loans, as compared to Non-SOEs. Interestingly, SOEs also have a larger share of
pledge loans, though the difference is relatively modest. Availability of banker’s acceptance
bills might limit the possibility of applying for pledge loans for Non-SOE firms. 12 Overall,

SOEs have a lower ratio of ABLs and face lower collateral requirements.

[Insert Figure 6 Here]

2.5.2 Lower Collateral Requirements for Larger Firms

There also exist vast differences in the collateral compositions for firms of different size.
As shown in Figure 7, one third of the total value of loans for large firms is unsecured and
another 1/3 is guaranteed. Among the rest 1/3, 2/3 is backed by mortgage collateral and the
rest goes to pledge loans. This means that the value of EBLs is twice the value of ABLs for
large firms. For medium-sized firms, a stark difference is that the value ratio of unsecured
loans shrinks to merely 8.29%. Compared to large firms, the share of guaranteed loans is
about the same but that for mortgage loans more than doubles. Taken together, the ratio of
EBLs and ABLs for the medium sized firms is about 1:1. The left bar in Figure 7 present the
case for small firms. For these firms, the overwhelming majority of bank loans is mortgage
loans, which account for 60.4% of total loan value. The second largest is guaranteed loans
but its value share is only 25.25%. The ratio of EBLs and ABLs now falls to 3:7. As firm

size goes up, the ratio of EBLs goes down, and the collateral requirement would be higher.
[Insert Figure 7 Here]

2.5.3 Lower Collateral Requirements for Higher Rating Firms

We also explore the collateral composition for firms in different rating buckets. Before

digging into the data, a natural prediction would be that collateral requirements for higher

12There is usually a quota for the maximum amount of acceptance bills a bank could issue. Thus, banks
face the problem of allocating the quota among its customers. It is likely that Non-SOEs might be disfavored
in this process.
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rating firms would be lower. Collateral is posed to protect lenders in case borrower defaults.
Higher rating firms would be less likely to default, thus collateral is less relevant for loans to
these firms. The pattern in Figure 8 is roughly consistent with this prediction. For firms with
the highest ratings (AAA-A), 27.2% of loans are unsecured and 34.94% loans are guaranteed,
indicating that over 60% of the loans are purely credit based. For the BBB-B firms, however,
the ratio of unsecured loans shrinks to 14.07% and that for mortgage loans expands from
28.94% to 44.49%. The total share of EBLs drops to 48.66%, indicating a shift to more
asset based borrowing. The collateral composition for CCC-D firms are very close to that
for BBB-B firms. The collateral composition for firms with no ratings is quite interesting.
Over 90% of these loans are pledge loans. Note that firms with no ratings include firms with
no previous borrowing history at the issuer bank. A possible explanation would be that,
when lending to new clients, it might be safer to start from lending through pledge loan as

this provides the safest collateral.

[Insert Figure 8 Here]

2.5.4 Regression Analysis on the Determinants of Collateral Composition

In the previous subsections, we analyze the collateral composition for firms of different
ownership structure, size, and ratings. However, different dimensions of firm characteristics
may overlap. For example, larger firms might be more likely to be rated high and SOEs
are on average larger than Non-SOEs. Sorting on one dimension alone provides interesting
facts but may not be so rigorous. Thus, in this subsection, we would use regression analysis
to simultaneously control for different firm characteristics and see which dimension matters

most in determining firm’s collateral composition. We use the following regression model:

Loansharey;, = ap + oy SOE; ; + E Q2 RatingRating; ;
{Rating=High,Medium}

+ E a3.5izeS12€1 + FEs + €
{Size=Large,Med}

Where k,i,t stands for loan type (unsecured, guaranteed, mortgage, or pledge), firm,

and year-quarter, respectively. The dependent variable Loansharey;; is the outstanding

19



value of bank loan type k as a share of the total outstanding bank loan value for firm ¢ by
the end of quarter ¢t. Thus the dependent variable represents firm’s collateral composition. As
for the independent variables, we include dummies for different firm characteristics. SOE;,
is a dummy variable that equals to 1 if firm ¢ is a SOE in quarter ¢. Similarly, High and
Medium equal to 1 if firm ¢ falls in the rating bucket of AAA-A or BBB-B in quarter ¢,
and 0 otherwise. We can define size variables Large and Med accordingly. We include
industry*Year-quarter fixed effects and cluster standard errors at firm level. Note that the
dependent variable is constraint within the range of [0,1]. To address this concern, we try
replacing the dependent variable with dummy variables that equal to 1 if the value share is
positive, and 0 otherwise. We then run Logit analysis instead and all other settings remain
the same.

Table 3 presents the regression results. The OLS analysis for value shares are in odd
columns and the logit analysis are in even columns. Column (1) - (2), (3) - (4), (5) - (6),
and (7) - (8) are for unsecured, guaranteed, mortgage, and pledge loans, respectively. First,
for unsecured loans, the results in column (1) - (2) consistently show that SOEs with large
or medium size and of the highest ratings are more likely to obtain unsecured loans. As
unsecured loans are backed by borrower’s credit only, the borrower must be of high quality
in multiple dimensions in order to be qualified for unsecured lending and this explains our

findings here.
[Insert Table 3 Here]

The regression results on guaranteed loans are in column (3) - (4). It is interesting
to see that the most important firm characteristic that motivates guaranteed borrowing
is firm size. Taken together, it is the large or medium sized firm with low ratings that
would borrow through guaranteed loans. Firm ownership does not matter. As guaranteed
borrowing requires the credit of both the borrower and the guarantor, highly-rated firms
would use unsecured loans instead and only firms with lower ratings could use guarantee
as credit enhancement. Nevertheless, the credit enhancement effect of guarantees would
be rather limited for small firms. As there remains some risk that the guarantee may be
ineffective, banks would still prefer bigger firms as they are generally safer.

Column (3) - (4) present the results for the determinants of mortgage borrowing. SOEs

have a significantly lower share (probability) of mortgage borrowing while ratings do not
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seem to have any statistically significant impacts. It is the small non-SOE firms, regardless
of their ratings, that borrow through mortgage loans. Mortgage loans specify the asset
used as collateral. This would be especially important when lending to small firms as these
firms typically do not have much assets in total. The liquidation value of these firms would
be limited and future cash flows could be rather volatile. Thus banks would require the
specification of collateralized asset to ensure safety.

The last two columns in Table 3 show the regression analysis on the determinants of
pledge loans. Overall, there is no obvious pattern and it is difficult to conclude that certain
types of firms mainly borrow through pledge loans. From the perspective of the bank, with
high quality short-term asset as collateral, pledge loans are the safest among four types of
loans and are the most detached from the borrower per se. Thus, it is reasonable to see no
obvious patterns among firms that use pledge loans.

To conclude: (i) highly-rated, large or medium sized SOEs borrow unsecured; (ii) lower-
rated, large or medium sized firms, regardless of ownership structure, borrow through guar-
anteed loans; (iii) Small non-SOEs, regardless of ratings, use mortgage loans; (iv) firms that

borrow through pledge loans exhibit no consistent pattern.

3 Empirical Strategy and Baseline Findings

This paper aims to investigate how bank responds to the political mandate of credit
expansion under high economic uncertainty. An unconstrained bank would naturally reduce
credit supply in an adverse economic environment. This option, however, is not available
for Chinese banks during the GFC. The other option would then be to raise collateral
requirement to secure repayment. Thus, we would like to see whether the collateral structure
of bank loans changes post the GFC. In the following subsections, we introduce the empirical

models and baseline findings.

3.1 Empirical Strategy
3.1.1 Volume Analysis
We first explore whether firm’s collateral structure changes post the GFC through the

lens of loan volume. The regression model we adopt is as follows:
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Ln(1+ LoanVol;,) = Z ag1 Post, x Loantypey, + Z Controls x Loantype;,
k=G,M,P k=G,M,P (1)

+ Controls + FEs + €14

where i, k, ¢ stands for firm, loan type, and year-quarter, respectively. The data is
at firm-loan type-quarter level. For each firm at the end of each quarter, as long as its
outstanding loan volume is positive, there would be four observations corresponding to the
four types of loans. The dependent variable is the outstanding loan volume of firm 7 in terms
of loan type k by the end of quarter ¢ (in log). A firm may not have exposure to all four types
of loans simultaneously. For example, a firm ¢ may have 10 million guaranteed loans and 15
million mortgage loans outstanding by the end of quarter ¢ but it borrows 0 unsecured and
pledge loans. In this case, we calculate Ln(1 4+ LoanVol;y,) for guaranteed and mortgage
loans using the actual loan volume but that for unsecured and pledge loans would be set to
0. For ease of presentation, G, M, and P is short for Guaranteed, Mortgage, and Pledge,
respectively.

We adopt an empirical method that is close to Difference-in-Differences setting where
the unsecured loans are the baseline group and 20084 is the cutoff in time. This empirical
setting allows us to control for factors that affect all four types of loans simultaneously and
better tease out the actual shift in loan structure. Thus, the estimated changes in loan volume
here is the relative difference as compared to unsecured loans. Besides, constructing the data
in this way allows us to control for firm*year-quarter fixed effects in the most strict setting.
Firm*year-quarter fixed effects could absorb all time varying variables related to firms such
as shifting credit demand (Khwaja and Mian, 2008). As we do not have firm balance sheet
data, including firm * year-quarter fixed effects could help alleviate this concern.

The parameter of interest here is ag;. Post, is a dummy that equals to 1 if quarter ¢ is
post or equal to 2008q4, and 0 otherwise. Similarly, Loantype, are dummies that indicate
whether the observation is for loan type k, where k stands for either Guaranteed, Mortgage,
or Pledge. oy is the parameter for the interaction term Post, * Loantype; and it represents
how the outstanding volume of loan type k changes post 2008q4 compared to unsecured
loan.

In the previous section, we present the collateral composition and show that some firm
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characteristics are associated with the prevalence of certain types of bank loans. Thus, in
order to tease out the effects of bank loan collateral policy change, we need to control for
multiple dimensions of firm characteristics. In all regression models, we include firm rating
fixed effects (FEs hereafter) interacted with loan type FEs, size FEs interacted with loan
type FEs, and firm ownership FEs interacted with loan type FEs. '* These FEs enable us to
control for the possibility that firms of certain rating or size group, or of certain ownership
structure, would be more likely to have larger volumes of certain types of loans. Also, each
loan would specify the industry that the money would be used for (loan usage) and the loan-
specific industry may not be consistent with the industry that the firm belongs to. '* To
control for the industry related factors, we compute the outstanding volume share of loans
in each industry for each firm by the end of each quarter and include these industry share
variables as extra controls. Similarly, We could define bank branch share variables to control
for possible differences in bank branches. These share control variables are also interacted
with loan type dummies to control for industry or bank related prevalence in certain types

of loans.

3.1.2 Volume Share Analysis

Regression analysis on the loan volume allows us to investigate the volume changes of
different types of loans compared to unsecured loan. However, the Difference-in-Differences
setting means that we could only obtain relative changes between loan types but not the
absolute change. Also, the volume analysis predicts the direction of collateral structure
change but remains ambiguous about the magnitude. So, in this subsection, we shift the
focus of our analysis from outstanding loan volume to the volume share of different types of

loans. The regression model is as follows:

VolShare;q = BpPosty + Controls + FEs + €14 (2)

Thus, for each type of bank loan, we would run the above regression. Again, i, k, and

13We exclude all observations with no ratings in all following regression analysis.

4To give an example, an outdoor apparel company may simultaneously produce outdoor clothing and
other outdoor equipment. The loans it applied for producing clothing would then be classified as loans
flowing to textile and clothing industry while loans for manufacturing other apparel would be grouped to
other industries such as plastic articles.
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q stands for firm, loan type, and year-quarter, respectively. The dependent variable is the
outstanding volume of loan type k as a percentage of total outstanding loan volume for firm
i by the end of quarter q. The parameter of interest here is f;. As in model (1), Post,
equals to 1 if quarter ¢ is equal to or post 2008q4, and 0 otherwise. The parameter 3 thus
shows how the volume share of type k changes post 2008q4. We also control for bank branch
variables, industry share controls, rating FEs, size FEs, and firm FEs.

The estimated parameter [, shows how the composition of each type of loan shifts
post 2008q4. Different from the parameter ay; in model (1), Bk is no longer a Difference-
in-Differences estimator and it directly measures the percentage change of different types of
loans. Nevertheless, it also has some drawbacks as compared to model (1). As each regression
is run at firm-quarter level, we would not be able to include firm * year-quarter fixed effects
to absorb time varying firm-related variables that may alter its bank loan structure. For this

reason, we keep both volume and volume share analysis and use them as complements.

3.2 Baseline Findings

Table 4 presents the regression analysis on loan volume (model (1)). Column (1) does
not include any other fixed effects aside from the firm characteristics interacted with loan
type fixed effects. The estimated coefficient for Post controls for the average change in bank
credit post 2008q4 and it is positive and significant at 10% level. This is consistent with the
fact that there is a credit boom post 2008q4. The estimated coefficient for Mortgage * Post
is positive and significant at 1% level, indicating that compared to unsecured loans, the
outstanding volume of mortgage loans rises by 35.4% post 2008q4. Similarly, the estimated
coefficient for Pledge * Post shows that outstanding pledge loan volume rises by 11.5% as
compared to unsecured loans post 2008q4. The outstanding volume of guaranteed loans
does not seem to experience any significant change as compared to unsecured loans as the

coefficient for Guaranteed x Post is negative but insignificant.
[Insert Table 4 Here]

Based on the setting in column (1), column (2) further controls for year-quarter fixed
effects. Including the time fixed effects does not result in much changes in the estimated

coefficients and corresponding t-statistics. Column (3) controls for firm fixed effects instead.
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Firm fixed effects could explain a considerable proportion of the variation in outstanding
volume share for different types of loans, as the adjusted R? rises sharply from 0.393 to
0.882. Including firm fixed effects also lead to large changes in the estimated coefficients. The
coefficient for Mortgage x Post increase from 0.354 to 0.558, meaning that the outstanding
volume of mortgage loans goes up by 55.8% compared to unsecured loans post 2008q4, after
controlling for firm fixed effects. The coefficient for Pledge *« Post declines a bit but remains
positively significant at 5% level.

Column (4) includes both firm and year-quarter fixed effects. As time fixed effects
could not explain much of the variation in the dependent variables, the regression outcome
in column (4) is quite close to that in column (3). The most strict setting is column (5) where
we directly control for firm * year-quarter fixed effects to absorb any firm-level time varying
variables. Comparing between column (4) and column(5), we can see that the adjusted R?
increases a bit, indicating that the firm*time fixed effects could further explain part of the
variation that is missing in the previous regressions. But the magnitude of improvement
remains modest. The estimated coefficients and t statistics are also very close to those
in column (4). Even after controlling for time-varying firm level variables, our baseline
regression results remain robust. Panel A in Table A1 replicates Table 4 but instead double

clusters the standard error at firm and year-quarter level. The major findings remain robust.
[Insert Table 5 Here]

The regression results for volume share analysis are in Table 5. In column (1) - (4), we
present the changes in the volume share for unsecured, guaranteed, mortgage, and pledge
loans, respectively. Bank branch share controls, industry share controls are included in all
regressions and fixed effects include firm rating, size, and firm fixed effects.!® The volume
share analysis directly explores the changes in bank collateral structure. A drawback here
is that we could not control for time fixed effects or firm*time fixed effects. The general
message in Table 5 is consistent with the findings in Table 4. The fraction of unsecured
loans among total outstanding bank loans drops significantly by 0.7% post 2008q4 while

that for guaranteed loans decreases by 2.8%. The volume share of outstanding mortgage

Firm ownership fixed effects are omitted here as they are mostly absorbed by firm fixed effects. There
is little time-series variation in firm ownership. We include firm-ownership fixed effects in Table 4 as they
are interacted with loan type FEs.
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loans, on the other hand, increases by 3.8%. As for pledge loans, the estimated coefficient
remains positive but is insignificant. As Table 4 presents difference-in-difference analysis
relative to unsecured loans and given that unsecured loans drop post 2008q4, it is likely that
pledge loans experience no significant change and it is the reduction in unsecured loans that
generates the positive coefficients for Pledge x Post in Table 4. Similarly, panel B in Table
A1 replicates Table 5 but double clusters the standard error at firm and year-quarter level
and results remain robust.

To conclude, the main findings in Table 4 and Table 5 are consistent. Whether in terms
of volume or volume share, the collateral structure of banks loans shifted from earnings-based
loans (unsecured and guaranteed loans) to asset-based loans (especially so for mortgage
loans) post 2008q4.

4 Robustness Checks and Heterogeneity Analysis

In the previous section, we present the baseline results on the change in collateral
structure post 2008q4. The shift from earnings-based loans to asset-based loans is consistent
with the idea that banks may raise collateral requirements while facing the tension between
high economic uncertainty and political mandate of credit expansion. In this section, we

further discuss some related issues and also try to rule out some possible confounding factors.

4.1 Credit Supply or Demand?

A concern on bank loans is whether the findings are driven by bank’s credit supply or
firm’s credit demand. What we see in the data is the final outcome of bank loan issuance
which depends both on credit supply and demand. Although our results are consistent with
the collateral policy change from the supply (bank) side, here we will discuss the impact of
possible demand side factors on our findings.

China’s economy experienced a substantial shock during the 2007-2009 GFC given its
high reliance on export back then. The supply side response is the rapid expansion of bank
credit driven by government policy mandates. As for credit demand, the financial crisis
weakens world-wide demand and some Chinese firms may struggle to survive given the loss

of customers and demand shrinkage. This may affect firm’s credit demand in two different
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ways. On the one hand, given the high economic uncertainty and large magnitude of shock,
firms may curtail production and refrain from making investments. These lead to reduced
credit demand. On the other hand, worsening economic environment may push firms under
urgent need of money to sustain daily operation, which indicates rising credit demand. The
ultimate change in credit demand depends on the relative strength of these two counter-
acting forces.

Regardless of the direction of credit demand change, we try to control for the possible
influence of credit demand in three ways in the baseline analysis. First, in the volume
analysis, we use a difference-in-difference setting where we estimate the volume changes of
guaranteed, mortgage, and pledge loans compared to the volume of unsecured loans. The
average change in credit demand would be differenced out. Second, in the most rigorous
setting in Table 4, we directly control for firm*time fixed effects that could absorb any time-
varying firm level factors including changing credit demands (Keil and Muller, 2020; Alfaro
et al., 2021). Finally, Table 5 presents the volume share analysis where we compute the
outstanding volume of each type of bank loan as a percentage of total outstanding bank
loan of each firm at each quarter. The scaling irons out any fluctuations in total bank loan
volume that might originate from varying credit demands.

Whether the credit demand rises or falls, its impact on our findings remains limited as
long as it is associated with aggregate volume change but does not predict shift in underlying
collateral structure. The implicit assumption in the above strategies is that firm’s credit
demand is the same across all types of bank loans given the same bank. Nevertheless, even if
firm credit demand is indeed associated with structural changes in bank loan type, it seems
to predict the opposite outcome. If it is at the will of firms when determining loan type, it
is hard to imagine that firms would ever prefer to borrow under more restricted collateral
constraint with no apparent interest rate improvements. Thus, the issue of credit demand is

less a concern in our setting.

4.2 Varying Firm Composition?

The previous subsection analyses the possible influence of credit demand on the our
baseline results for a given firm. Though our discussion indicates that the main driver of our

findings is unlikely to be firm’s changing credit demand, we should still be cautious before
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stating that these results indicate bank’s varying collateral requirements.

In section 3.4, we provide some stylized facts on how collateral composition is related
to firm characteristics. The main message is that highly rated, large, SOE firms face lower
collateral requirements. If the composition of firms changes post 2008q4, such as there are
more small, or lower rated, or non-SOE firms, then we might still observe rising shares of
asset-based loans even if bank’s collateral policy remain the same. Thus, we will further
address the issue of varying firm composition in this subsection. Note that the previous
empirical setting already addresses part of this issue. The most rigorous setting in Table 4
controls for firm*year-quarter fixed effects which could absorb any time-varying firm level
variables. We are essentially comparing across different types of loans within each firm-
year-quarter pair. Even if there are more small(lower rated, non-SOE) firms borrowing post
2008q4, the interpretation of the results would not be severely affected as the average pattern
would be cancelled out. What’s more, rating, size, and ownership fixed effects are included
in all models in Table 4 and 5 which could control for the average difference for firms of
different characteristics.

To further exclude the possible impact of varying firm composition post 2008q4, we
perform more direct tests. First of all, for firm ownership, if our results are completely
driven by the rising share of non-SOEs and banks still hold the same collateral policy for
these firms over time, then limiting our sample to non-SOEs only, the baseline findings would
not hold. !¢ Second, if there are more small firms borrowing post 2008q4, possibly we would
also observe rising shares of asset-based loans. To exclude this possibility, we drop all small
firms from our sample. Lastly, there is one more dimension of firm characteristic that we
should address, namely ratings. Though Figure 8 indicates that lower rated firms seem to
rely slightly more on mortgage loans, regression analysis in Table 3 shows that rating does
not significantly alters the probability or the share of asset-based borrowing. To further

ensure robustness, we exclude all firms with rating below “B” from our sample.
[Insert Table 6 Here]

Table 6 reports the results that tackles with each of the above three issues. The odd

columns use the same setting as column (5) in Table 4 and even columns correspond to the

16We limit the sample to non-SOEs instead of SOEs because the SOEs are only a very tiny part of our
sample. Limiting to SOE observations only would not provide enough degree of freedom for estimation as
our regression model includes loads of fixed effects.
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coefficients in Table 5. Column (1) - (2), (3) - (4), and (5) - (6) deals with ownership, size,
and rating, respectively. The findings in Table 6 are all consistent with our baseline results,
indicating that our major findings are not driven by varying firm composition.

Overall, by controlling for various dimensions and different combinations of fixed effects,
combined with direct tests of excluding relevant firm out of our sample, we show that varying

firm composition is unlikely to be the main driver of our findings.

4.3 Government Expenditure Shock Related Industries?

China responds to the shock of GFC by rapidly rolling out an economic stimulus package,
including both fiscal and credit stimulus policies. The fiscal policy stimulus, also known as
the “Four trillion” economic stimulus plan, emphasizes massive government expenditure in
target industries such as real state, infrastructure, and transportation. As shown in Figure 2,
the volume share of loans issued to transportation, construction, and utility industries rises
post 2008q4, which resonates with the stimulus policy. If these related industries tend to use
more asset-based borrowing, then the government expenditure shock would also contaminate

our baseline findings.
[Insert Table 7 Here]

To tackle possible confounding policy impacts, we adopt the following two criterion in
determining the government expenditure shock related industries: (1) directly affected in-
dustries: transportation, construction, infrastructure, and real estate; (2) indirectly affected
industries: sectors that operate along the production chain of the affected industries. Follow-
ing Cong et al. (2019), the indirectly affected firms include those operating in the production
of basic metals and non-metallic mineral products, as well as firms operating in mining and
quarrying. We replicate Table 4 and Table 5 excluding the directly and indirectly affected
firms. Table 7 reports the results and our results remain robust after excluding the shock

related firms.

4.4 Heterogeneity Analysis

Collateral is required to mitigate the problem of default. During the GFC, the problem

of information asymmetry exacerbates as banks become more uncertain about the future
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prospects of the firms given the rising uncertainty. Our baseline findings show that the
bank responds by raising collateral requirements. However, we would also expect to observe
heterogeneity among different firms as the shock might be unevenly distributed.

We consider two sources of heterogeneity in this subsection. First, state ownership
would be very helpful in reducing uncertainty as it is naturally linked with government
guarantee that limits the extent of downside risk. Previous researches also point out that
the credit stimulus disproportionately favors SOEs and the government implicit guarantee
becomes more prominent during GFC (Cong at al., 2019). Interest rate analysis as shown
in Table A2 shows that SOEs are also charged with significantly lower interest rates post
2008q4, which provides further evidence for SOEs” being favored. With less downside risk,
we would also expect banks to charge lower collateral requirements for SOEs. Second, firms
operating in the foreign trade industry should be the worst hit as the GFC leads to dramatic
shrinkage in global demand which constitutes the major source of profit for foreign trading
companies. Other industries would also suffer from the shock but impact should be more
indirect. Indeed, consistent with the higher risk, Table A2 shows that loans for foreign
trading firms share a significantly higher rate post 2008q4, as compared to other firms. We
would also expect there to be some differences in bank policies towards foreign trading firms

and others.
[Insert Table 8 Here]

To see this, we define a dummy T'ype that equals to 1 if the firm is a SOE (foreign trading
firm) and 0 otherwise in column (1) - (2) ((3) - (4)) of Table 8. We then interact the T'ype
dummy with our previous loan type and time dummies and include the triple interaction
terms to re-estimate the models in Table 5. The coefficients of the triple interaction terms
then represent how the collateral structure of the relevant firms differs as compared to other
firms post 2008q4. Column (1) - (2) in Table 8 present the heterogeneity analysis on SOEs.
The results indicate that compared to non-SOEs, SOEs experienced significantly smaller rise
in collateral requirements. The increases in the volume and volume share of asset-based loans
post 20084 are less prominent for SOEs, which is consistent with our previous prediction.

Similarly, column (3) - (4) report the results for foreign trading firms. Compared to
other firms, the volume share of unsecured loans dropped significantly more after 2008q4.

The coefficients for asset-based loans related triple interaction terms are positive, though
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insignificant. Overall this indicates that loans for foreign trading firms become less earning-
based post 2008q4, compared to other firms. Considering that foreign trade industry is the

worst hit, it is natural to impose higher collateral requirement for these firms.

5 Other Dimensions on Bank Loan Policy

The baseline findings show that the volume and volume share of asset-based loans
increase post 2008q4. The overall pattern is in support of rising collateral requirements
imposed by banks. Aside from volume and collateral requirements, a typical loan contract
includes other dimensions such as interest rate and maturity.

For interest rate, as we mentioned in section 2.3, the people’s bank of China specifies
the benchmark lending rate for bank loans and this usually constitutes the lower bound
of lending rate. As part of the stimulus plan, the benchmark lending rate for loans with
maturity between 6 months and 1 year was lowered from 7.47% to 5.31% and the left panels
in Figure 3 all show a drastic drop in interest rate that perfectly aligns with the benchmark
rate reduction. With the interest rate also being one margin of policy adjustments, we
would not over-interpret on the average change in interest rate post 2008q4 (though the
cross-sectional comparison still provides some interesting patterns, as we mentioned in the
previous subsection by comparing different ownership and industries). We will instead discuss

some other dimensions of bank loan policies in this subsection.

5.1 Maturity Shortening

Another commonly used approach to preserve the safety of debt is maturity shortening.
As mentioned in Gorton et al. (2021), financial institutions create the possibility of fast
withdrawal by shortening maturities during the crisis. This is also referred to as “flight from
maturity”. In the same spirit, banks could also shorten the maturity to retain the flexibility
of withdrawing once things get worse. As unsecured loans are the most exposed to default

risk, the option of maturity shortening would be especially tempting.
[Insert Table 9 Here]

Table 9 presents the regression analysis where we explore the extent of maturity short-

ening in our bank loan data. To better capture the magnitude, here we use the original loan
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level data instead of the firm level outstanding loan volume data as in the previous tables.
The dependent variable is loan maturity. Control variables include the loan size (in log),
bank share controls, industry share controls, rating FEs, size FEs, loan type FEs, and firm
FEs. In column (1), the coefficient of Post indicates the average change in loan maturity
post 2008q4, as compared to previously issued loans. The average maturity shortened by
0.037 year post 2008q4, which translates into about 0.44 month reduction. Among all loans,
unsecured loans experienced the sharpest drop in loan maturity. Post 20084, the average
maturity of unsecured loans shortened by 0.434 years. Given that the average loan maturity
is only 0.71 years, the magnitude of maturity shortening is quite large. These findings are
consistent with our prediction, suggesting that besides raising collateral requirements, banks
also shortened the maturity for loans unprotected by collateral. The maturity shortening fur-
ther strengthens firm’s borrowing constraint and may induce them to forgo some profitable

long term projects including R&D.

5.2 Relationship and Collateral: Substitutes?

The banking literature has long stressed that relationship between firms and banks
could raise the availability of funding and reduce borrowing cost (Hoshi et al., 1990a, 1990b,
1991; Petersen and Rajan, 1994). Building relationship mitigates the information asymme-
try problem between firms and banks. Meanwhile, collateralization is also believed to be a
useful tool in resolving problems associated with asymmetric information (Chakraborty and
Hu, 2006). In this sense, relationship could be considered as “soft collateral” and could func-
tion as substitute for collateralization. Indeed, as Boot and Thakor (1994) show, collateral
requirements decline upon establishing relationship. Our findings indicate that on average
there is higher requirement for collateral post 2008q4. We are then interested in whether
pre-existing relationship may help relax the more stringent collateral constraint post 2008q4.

We first focus on the question of whether pre-existing relationship could raise the avail-
ability of funding and if yes, whether the fund raising power of relationship changes post
2008q4. The relationship analysis requires grouping the original loan level data to firm-year
level data so that we could observe the total amount of new bank loans issued to a firm

in each year. !7 To capture pre-existing relationship, we define dummy variable Rela that

17Quarterly data is inappropriate here as the quarter frequency is too short to capture the total loan
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equals to 1 if the firm has borrowed from the bank in any of the previous years, and 0
otherwise. To facilitate comparison before and after the credit stimulus, we also define a
time dummy Post08. Note that the data is annual instead of quarterly. We let Post08 to
be equal to 1/4 in 2008, 1 afterwards, and 0 otherwise, in order to preserve consistency with
the definition of Post that equals to 1 for periods after 2008q4. *®

[Insert Table 10 Here]

The regression results are in panel A of Table 10. The dependent variable in column
(1) - (2) is the amount of new bank loans issued to a firm in each year. If a firm does not
obtain any new loan in a given year, then the corresponding observation would not show up
in the data. Thus, column (1) - (2) analyse how relationship is associated with loan volume
conditional on obtaining bank loan. To explore the how relationship is associated with the
probability of bank loan issuance, we define a dummy variable 1{ Newloan} that equals to
one if an old client obtains any new loan from the bank in the given year, and 0 otherwise.
Old clients refers to the firms that borrowed from the bank for at least once in the previous
years. Column (3) -(4) provide OLS analysis while column (5) - (6) apply Logit regression
method. Aside from firm characteristic FEs, the odd columns also include firm FE. The
positive estimated coefficient for Rela is consistent with the banking literature, showing
that pre-existing relationship not only raises the probability of obtaining bank loan, but also
the volume conditional on loan issuance. Nevertheless, the coefficients for Rela * Post08 are
negative in column (3) - (6) and the magnitude outsizes the coefficients of Rela. This means
that post 2008, pre-existing relationship could no longer help improving the probability of
obtaining bank loan. Conditional on bank loan issuance, the existence of relationship also
adds to weakly less loan volume post 2008, as indicated by the negative (though insignificant
in column (2)) coefficients in column (1) - (2).

Panel A shows that relationship could improve both the probability and the volume of
funding in normal times, but its power significantly weakens post 2008. These indicate that
while allocating the funding during the credit stimulus, relationship is no longer an important

determinant for the bank. But could it be possible that banks apply different policies for

issuance to a firm.
18We also try define Post08 as a dummy that equals to 1 for 2008 and afterwards, and 0 otherwise.
Results remain robust
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different firms? For example, for old clients, banks sustain their previous collateral policy
while it raises collateral requirements for new clients. To see this, we drop all firms that
entered our sample after 2008q4 (new clients) and leave only those who borrowed at least
once before 2008q4 (old clients). If relationship could act as a substitute for collateral, we
would observe weaker or even no shift from earnings-based loans to asset-based loans among
these old clients. Panel B in Table 10 follows the same setting as in Table 6 and presents
the regression results which are still highly consistent with the baseline findings. Firms with
pre-existing relationship still face higher collateral requirements post 2008q4, providing no
evidence for the substitutability between collateral and relationship.

Taken together, the relationship analysis shows that: (1) relationship raises the avail-
ability of funding during normal times but not so post 2008. (2) we find no evidence in

support of relationship acting as a substitute for collateral post 2008q4.

6 Further Analysis

Our previous analysis show that bank raises collateral requirements under the tension of
rising economic uncertainty and mandatory credit expansion. This motivates us to move one
step further and explore the following question: how would firms respond to bank’s changing
collateral requirements?

Campello and Hackbarth (2012) point out that the availability of financing, rather than
the availability of investment opportunities, drives firms’ investment spending and asset
tangibility matters for relaxing borrowing constraints. Thus, tighter collateral requirements
might induce firms to prioritize investment in real estates over intangible investments in
order to facilitate future funding. Unsecured and guaranteed loans relies only on firm’s
creditworthiness and its future earnings. Reduced access to these earning-based loans would
reduce firm’s incentives to make R&D investments which could raise future earnings but
requires substantial funding in initial periods. As patents are rarely used as collateral in
China, R&D investments do not facilitate collateralized borrowing. Facing tighter collateral
constraint, firms in more urgent need of bank loans might be more likely to refrain from
making R&D investments and thus would produce less applications for patents.

What’s more, further dissecting collateral composition, we can see that mortgage collat-

eral is mostly real estate for manufacturing purposes and other fixed assets are rarely used.
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In terms of pledge loans, the collateral is mostly banker’s acceptance bills and RMB certifi-
cates of deposit, both of which require depositing money (as margin in the case of banker’s
acceptance bills) into a bank in exchange for the financial security. As investments in real
estate usually requires investing larger amounts for a longer term, we would expect that ris-
ing shares in mortgage loans would lead to more substantial reduction in R&D investments
and patent applications, as compared to pledge loans. !°

To test the above predictions, we need to obtain firm-level balance sheet and patent
application data. Our bank loan data includes the name of the firm which makes it possible
to merge with 2006-2013 Chinese Annual Survey of Industrial Enterprises (ASIE) data that
includes detailed firm balance sheet statistics. Based on the merged data, we can then obtain
patent application records following China Patent Database Project. 2°. Note that ASIE
data is essentially a survey for large and medium firms while our data covers mostly small
and medium enterprises. Not surprisingly, there would be substantial loss in observations
and the loss would be disproportionately concentrated in small firms. Indeed, only 800 firms
remain post merging.

Firms might be deferentially exposed to the loan policy change and its response would
also differ. To capture the cross-sectional differences, we focus on the firms that experienced
shift towards asset-based loans in collateral structure post 2008. To see this, we first compute
the change in the outstanding volume share of asset-based loans pre- and post- 2008q4 for
each firm. We then define a dummy variable Posi that equals to 1 for firms that have
increased volume share of asset-based loans. Comparing across the Posi firms and the rest,
we are then able to capture cross-sectional differences in patent applications for firms of

various exposure to bank loan policy change.
[Insert Table 11 Here]

Table 11 reports the regression results. Column (1) - (2), (3) - (4), and (5) - (6) defines

Top according to the volume share change of asset-based loans, mortgage loans, and pledge

9We did not focus on the change in fixed investments as real estate for manufacturing purposes only
accounts for part of fixed assets. Other assets, such as machines, vehicles, are also included as fixed asset
but do not contribute to collateralized borrowing. Thus, fixed investment would be a noisy proxy for firm
total investment in mortgage collateral. As for the change in intangible asset investment, the data is usually
missing.

20https://sites.google.com /site/sipopdb
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loans, respectively. The dummy variable Post08 is defined in the same way as in panel A
Table 9, which captures the time series difference. The dependent variables include total
patent applications (column (1) - (3)) and to see the possible impact on production efficiency,
we also try TFP in column (4) - (6). ?! Control variables are firm age (Ln(Age + 1)), firm
size (Ln(Asset), return on asset (ROA), liquidity ratio (LiquidR), and industry competition
(HHI). We also include firm and year fixed effects. The variable of interest here is Posi *
Post08, the coefficient of which indicate how the dependent variables differ for firms affected
by bank loan policy change, as compared to others.

The results in column (1) show that firms with loan structure shifting from earning-
based loans to asset-based loans post 20084 also apply for significantly less patents. Further
differentiating between mortgage and pledge loans, we can see that the negative outcome
concentrates among firms with rising mortgage shares. These are consistent with idea that
firms cater to bank loan policy change and prioritize real estate investment over R&D.
As for pledge loans, firms that increase pledge loan borrowing post 2008q4 even apply for
slightly more patents as compared to other firms post 2008q4. As pledge loans require
liquid short-term financial securities as collateral, its negative impact on relatively longer
term investments should be more limited. Besides, firms that would be granted banker’s
acceptance bills even post the crisis should be relatively less risky in the first place, and this
might account for the positive outcome on patent applications. The positive significance,
however, is not robust to different empirical settings such as including other fixed effects.
For this reason, we would not spend too much time deciphering the positive coefficient here.

Column (4) - (6) present the results on TFP. The estimated coefficients are all insignif-
icant, though again the coefficient is negative if we focus on the firms with rising mortgage
share. As TFP is a relatively opaque measure and the reduction in R&D investment may
take some time to show real impacts on production efficiency, the insignificant coefficients
may also be plausible. Note that we should be cautious in interpreting the findings here.
Though the empirical results are consistent with the possibility of firms’ catering to bank’s
loan policy, we are not ascertaining the causal relationship here.

To summarize, the firm level analysis indicates that for firms that experienced increases
in asset-based loan volume share, they also witnessed declines in patent applications. This

effect is more prominent among firms that have significantly more mortgage loans post 2008.

2LTFP is computed following Olley and Pakes (1996)
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Overall, these findings are consistent with the story that bank loan policy change might have
some real impacts and could induce firms to prioritize real estate investments over R&D.

The reduction in patent applications may affect production efficiency in a longer term.

7 Conclusion

Using a unique and detailed loan level dataset, this paper first provides an overview
of the Chinese bank loan collateral structure and its determinants. The average volume
ratio of earnings-based loans and asset-based loans is about 1:1 but the collateral structure
depends on certain firm characteristics. State-owned large firms with high ratings obtain
more unsecured loans while loans by large firms with low ratings resort to guarantee by
third parties. Small firms, especially the private ones, however, have to rely on mortgage
loans regardless of their ratings.

This paper then investigates how loan collateral structure responds to the tremendous
stimulus package mostly in the form of mandatory credit expansion after the Lehman col-
lapse. Under the tension of rising economic uncertainty and credit expansion mandate,
banks raise collateral requirements and the loan structure shifts towards asset-based loans.
Meanwhile, there is also significant maturity shortening. Pre-existing relationship raises the
availability of funding during normal times but its impact weakens post the GFC. Consistent
with the story that bank collateral policy change may induce firms to prioritize real estate
investment (as better collateral) and reduce R&D, this paper finds that firms with increased
share of asset-based loans also apply for significantly less patents, especially so for mortgage
loans.

In light of the theoretical developments in the last decade, recent empirical literature
starts to explore the collateral structure, as well as its implications for monetary policy
transmission (Lian and Ma, 2021; Caglio et al., 2021; Ivashina et al., 2021). The money
and credit creation in an economy crucially hinge on its underlying collateral structure. The
paper also shows that monetary easing during downturn also changes the collateral structure
as required by banks, which in turn has important implications for resource misallocation.
Overall, our findings shed light on how credit gets created and allocated in China over the
GFC.

The findings may help us better understand the dynamics of China’s economy. Before
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2012, China had kept a two-digit GDP growth rates for many years. China’s economic
growth took a great hit ever since then. The results also pinpoint to other salient facts
on China’s economy post the crisis: a housing boom, surging debt levels, substantial TFP
growth slowdown and TFP dispersion across firms and regions. To the extent that land
and real estates presumably have been the most important collateral for China’s growth
in the last two decades, the economic stimulus has made China’s financial system fragile,
as suggested by the recent Evergrande default episode. This resonates with the insight of
Kiyotaki and Moore (2002) that a key difference in postwar Japan and the United States
is that Japan relies on bank loans secured by fixed assets while U.S. firms borrow against
future earnings. The reliance on asset-based loans renders Japan’s economy vulnerable to
fluctuations in asset prices. The U.S. economy, on the other hand, is less sensitive to asset
price changes. Nevertheless, it has taken decades for the U.S. to transition from a mostly
asset-based credit system to a mostly earning-based credit system (Benmelech et al., 2020).
It seems that China still has a long way to go in terms of financial development. And this

matters a lot for its future.
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Figures

Figure 1: Outstanding Bank Loan Volume

This figure presents the outstanding bank loan volume for each quarter. Panel A shows the
changes in the total outstanding bank loan volume from the total social financial data of
the People’s Bank of China while panel B presents the outstanding bank loan volume at
each quarter end calculated from our bank loan data. At each quarter end, we aggregate the
outstanding volume of bank loans using our bank loan data. The numbers thus reflect the
total outstanding bank loan issued by the bank in the specific prefecture city.
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Panel B.
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Figure 2: Value Shares of Loans to Different Industries

This figure shows the value shares of loans that flow to different industries. Our sample include
loans to over 23 industries. For ease of presentation, we first group industries into four buckets: (i)
service; (ii) Manufacturing; (iii) Transportation, Construction, and Utility; (iv) Others. We then

compute the value of loans for each industry buckets as a percentage of total value of loans in each

quarter.
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Figure 3: Rate and Maturity Distribution for Different Firms

This figure presents the volume weighted average interest rate and maturity distribution for

firms grouped by ownership ((a) - (b)), size ((c¢) - (d)), and rating ((e) - (f)). Panel (a), (c), and

(e) are for average interest rate and penel (b), (d), and (f) are for maturity distribution. For the

maturity distribution, we compute the value share of short-term loans,i.e., loans with maturity less

than

Average Interest Rate (Volume weighted)

Average Interest Rate (Volume weighted)

one year.
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Average Interest Rate (Volume weighted)
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Figure 4: Bank Loan Structure

This figure presents the structure of bank loans. We show the composition of different types of
loans in our sample, that is, unsecured, guaranteed, mortgage, and pledge loans. Panel (a) depicts
the volume share while panel (b) presents the shares in terms of loan number.
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Figure 5: Bank Loan Type and Maturity Distribution

This figure shows the maturity distributions for the four types of loans. For ease of presenta-
tion, we group loans into five maturity buckets: 1 day - 1 month, 1 month - 3 months, 3 months -
6 months, 6 months - 1 year, 1 year and above. For each type of bank loans, we first aggregate the
volume of loans in each maturity bucket and normalize it with the total volume for that type. The

resulting numbers are the maturity distribution for each type of bank loans.
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Figure 6: Collateral Composition by Firm Ownership

This figure explores the collateral composition for firms of different ownership structure. First,
we aggregate the total bank loan volume separately for SOEs and Non-SOEs. Within each owner-
ship group, we the compute the total loan volume for different types of bank loans. We report the

volume shares of different types of bank loans for SOEs and Non-SOEs in the following figure.
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Figure 7: Collateral Composition by Firm Size

This figure explores the collateral composition for firms of different size. First, we aggregate
the total bank loan volume separately for small, medium, and large firms. Within each size group,
we then compute the total loan volume for different types of bank loans. We report the volume

shares of different types of bank loans for each size group in the following figure.
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Figure 8: Collateral Composition by Rating

This figure explores the collateral composition for firms of different rating. First, we aggregate
the total bank loan volume separately for firms in different rating buckets (AAA-A, BBB-B, CCC-
D, No rating). Within each rating bucket, we then compute the total loan volume for different
types of bank loans. We report the volume shares of different types of bank loans in each rating

bucket in the following figure.
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Tables
Table 1: Summary Statistics on Bank Loan

This table presents the summary statistics on the bank loan data. Panel A includes the
summary statistics on loan volume, interest rate, and maturity for the whole sample. Panel B

further classifies bank loans according to firm’s ownership structure, firm size, and rating.

Panel A.
Variables Mean sd. Min P5 P25 P50 P75 P95 Max
Loan Size 5.13 16.20 0.00 0.10 0.50 1.50 4.50 20.00 800.00
Special Mention 0.16  3.78 0.00 0.00 0.00 0.00 0.00 0.00 400.00
Loan Volume (Milion, RMB) Substandard 0.01 0.27 0.00 0.00 0.00 0.00 0.00 0.00 10.10
Doubtful 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 3.00
Loss 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 3.30
Interest Rate (%) 5.66 1.76 1.47 230 4.80 584 6.93 8.22 17.56
Maturity (Year) 0.71 0.82 0.01 0.18 044 050 0.99 1.00 19.00
Panel B.

Loan Value (Million, RMB) Total Volume (Share) Loan Number (Share) Mean s.d.  Median

Non-SOE 136225.86 (83.45%) 29626 (93.17%) 459.82  1427.36  150.00

Ownership  SOE 27018.33 (16.55%) 2171 (6.83%) 1244.51 3173.86 186.77
Large 61948.30 (37.95%) 4216 (13.26%) 1469.36  3676.53  494.00

Size Medium 82531.21 (50.56%) 16106 (50.65%) 512.43  1101.19  200.00
Small 18764.68 (11.49%) 11475 (36.09%) 163.53  385.02  100.00

AAA-A 43254.5 (26.5%) 6162 (19.38%) 701.96  2096.96  173.50

BBB-B 110272.21 (67.55%) 22642 (71.21%) 487.03  1526.53  170.00

Rating ~ CCC-D 4640.87 (2.84%) 452 (1.42%) 1026.74 2182.55  200.00
No Rating 5076.60 (3.11%) 2541 (7.99%) 199.79  580.91  34.00
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Table 2: Details on Guarantors, Mortgage, and Pledged Collateral

This table provides details on the composition of guarantors (panel A), mortgage collateral

(panel B), and pledged assets (panel C) for different types of loans.

Panel A. Details on Guarantors

Guarantor No. of Loans Percentage
Large State-owned firms 85 1.32%
Other firms 5265 81.59%
Commercial banks and policy banks 204 3.16%
Foreign banks or sino-foreign equity joint bank 1 0.02%
Foreign or sino-foreign equity joint nonbank financial institutions 12 0.19%
Other nonbank financial institutions 49 0.76%
Other Guarantors 210 3.25%
Missing 627 9.72%
Total 6453 100.00%
Panel B. Details on Mortgage Collateral
Mortgage Collateral Type No. of Loans Percentage
Real estate (for manufacturing purpose) 13534 88.88%
Residential real estate 302 1.98%
Chattel mortgage 173 1.14%
Others 204 1.34%
Missing 1014 6.66%
Total 15227 100.00%
Panel C. Details on Pledged Collateral
Pledged Financial Assets No. of Loans Percentage
Banker’s acceptance 5978 66.31%
Commercial acceptance 358 3.97%
RMB certificates of deposit 454 5.04%
Foreign certificates of deposit 20 0.22%
Foreign Exchange 14 0.16%
Soverign bonds 1 0.01%
Financial bonds 3 0.03%
Other securities 252 2.8%
Others 606 6.72%
Missing 1329 14.74%
Total 9015 100.00%
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Table 3: Determinants of Collateral Composition

This table presents the regression results on the determinants of firm’s collateral composition. For each firm at
the end of each quarter, we first aggregate the total outstanding bank loan volume and then separately compute the
outstanding volume for each type of bank loan. We then obtain the value shares of each type of bank loan for each firm
at each quarter-end and these shares are the dependent variables in the odd columns. Note that the value shares are
bounded with in the range of (0,1). To address this problem, we redefine a corresponding dummy variable that equals to
one if the value share is positive and 0 otherwise. Using these dummy variables as dependent variables, we then perform
logit analysis and present the results in even columns. The dependent variables include dummy variables on ownership
structure (SOE), rating (High, Medium), and size (Large, Medium).

Unsecured Loan Guaranteed Loan Mortgage Loan Pledge Loan

Loan Share (OLS)  Logit  Loan Share (OLS)  Logit  Loan Share (OLS) Logit Loan Share (OLS)  Logit

1) 2 3) 4) () (6) (7) (8)

) 0.135%** 1.278%** -0.032 -0.276 -0.117%* -0.719%%* 0.011 0.312
Ownership SOE (3.29) (3.77) (-0.59) (-1.09) (-2.17) (-2.64) (0.42) (0.92)
. 0.060%** 1.421%* -0.107* -0.621*+* -0.009 -0.165 0.052%** 0.881

' High (AAA-A) (2.59) (2.54) (-1.73) (-2.16) (-0.15) (-0.51) (2.62) (1.61)
Rating Medi BEB.B 0.027 0.562 -0.100* -0.544* 0.045 0.097 0.025 0.445
fedium (BBB-B) (1.35) (1.09) (-1.68) (-1.96) (0.76) (0.31) (1.43) (0.83)
Lare 0.125%** 3.090%** 0.172%** 0.952%#* -0.308%** -1.366%** 0.011 0.475%*

) arge (5.42) (9.40) (4.51) (5.54) (-8.41) (-7.12) (0.67) (2.10)
Size Med 0.026%** 1.892%** 0.100%** 0.647*** -0.134%%* -0.51 7k 0.007 0.293%*
e (4.54) (6.56) (5.41) (6.93) (-7.15) (-5.36) (1.35) (2.07)

Industry * Year-Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
N 20453 19688 20453 20446 20453 20452 20453 19173
R2(Pseudo R2) 0.208 0.28 0.061 0.043 0.155 0.122 0.097 0.108

¥R RRE gtands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters. Standard errors

clustered at firm level.



Table 4: Baseline Analysis on Loan Volume

This table presents the regression results for Ln(1 + LoanVoliyq) = 3 g . p k1 Posty *
Loantypey, + Zk:G,M,P Controls x Loantypey + Controls + FEs + €; . 4. The dependent variable
is the outstanding loan volume for firm i of loan type k by the end of quarter ¢ (in log). Post,
is a dummy variable that equals to 1 if quarter ¢ is post or equal to 2008q4, and 0 otherwise.
Loantype;. is a dummy variable that equals to 1 for observations of loan type k£ and 0 otherwise.
Control variables include bank branch share and industry share controls. All controls are interacted
with loan type dummies to allow for heterogeneous effects on different loan types. Rating*loan type,
size*loan type, and firm ownership * loan type fixed effects are included in all regressions. Column
(2) and (3) further includes year-quarter and firm fixed effects, respectively. In column (4) we
control for both firm and year-quarter fixed effects. And the last column is the most strict setting

which controls for firm*year-quarter fixed effects.

Ln(1+ LoanVol; 1 4)
S N ) N O B R )

Guaranteed x Post -0.063 -0.063 -0.014 -0.014 -0.014
(-0.70)  (-0.70)  (-0.23)  (-0.23)  (-0.23)
Mortgage * Post 0.354%*%  (.354%**  (0.558%HF  (.558%**  (.558***
(4.18) (4.18) (9.42) (9.42) (9.43)
Pledge x Post 0.115%%  0.115%*  0.087**  0.087**  0.087**
(2.07)  (2.07)  (1.97)  (1.97)  (1.97)
Post 0.075* -0.003
(1.86) (-0.08)
Constant 2.156%*F* 2, 153*** 2 088*** 2 159%F* 1.049
(7.77)  (7.91)  (281)  (2.73)  (0.87)
Branch Share Control v v v v v
Industry Share Control v v v v v
Rating*Loan Type FE v v v v v
Size*Loan Type FE v v v v v
Ownership*Loan Type FE v v v v v
Firm FE v v
Year-quarter FE v v
Firm * Year-quarter FE v
N 81968 81968 81180 81180 81180
Adjusted R? 0.393 0.393 0.882 0.883 0.905

*, % ¥E* gstands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated

parameters. Standard errors clustered at firm level.
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Table 5: Baseline Analysis on Loan Volume Share

This table shows the regression results for VolShare; i = By Posty+ Controls + FEs+€; i, 4.
We run the regression separately for the four types of bank loans. The dependent variable is
outstanding volume share of each type of loan for firm 7 by the end of quarter ¢q. Post, is a dummy
variable that equals to 1 if quarter ¢ is post or equal to 2008q4, and 0 otherwise. Control variables
include bank and industry share controls, size fixed effects, rating fixed effects, firm ownership fixed

effects, and firm fixed effects.

Fraction of:

Unsecured Loan Guaranteed Loan Mortgage Loan Pledge Loan

(1) (2) (3) (4)
Post -0.007** -0.028%** 0.038*** 0.001
(-2.24) (-4.55) (6.00) (0.29)
Constant 0.114 0.170 0.716%** 0.023
(1.57) (1.51) (5.03) (0.46)
Branch Share Control v v v v
Industry Share Control v v v v
Rating FE v v v v
Size FE v v v v
Firm FE v v v v
N 20295 20295 20295 20295
Adjusted R? 0.902 0.868 0.879 0.831

*, k¥ *¥E* stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters. Standard
errors clustered at firm level.
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Table 6: Excluding SOEs, Small and Low Rating Firms

This table provides further robustness tests by excluding firms with certain characteristics
to alleviate the impact of varying firm composition before and after 2008q4. Column (1) - (2)
limits the analysis to non-SOE firms only. In column (3) - (4), we exclude all small firms while in
column (5) - (6), we leave only firms with ratings above “B”. The regression model in odd columns
is the same as that in column (5) in Table 4. The FEs in these columns are all interacted with
loan type FEs except for the firm*time FEs, consistent with Table 4. To save space, we run the
same regressions as in Table 5 for the three sub-samples and stack the estimated coefficients in
odd columns. For example, in column (2), the coefficient for Unsecured x Post corresponds to
the coefficient for Post in column (1) of Table 5, only that we exclude all SOE firms here. Other

coefficients can be interpreted in a similar way.

Non-SOEs Only Large & Medium Firms Only Rating AAA-B Only
Ln(14LoanVolume) Volume Share Ln(14LoanVolume) Volume Share Ln(14LoanVolume) LoanShare
(1) (2) (3) (4) (5) (6)
Unsecured * Post -0.008*** -0.009* -0.007**
(-3.20) (-1.86) (-2.19)
Collateral * Post 0.607*** 0.041%** 0.555%** 0.043%** 0.555%** 0.038%**
(10.52) (6.11) (6.39) (5.47) (9.41) (6.00)
Pledge x Post 0.135*** 0.001 0.087 -0.000 0.083* 0.001
(3.22) (0.46) (1.31) (-0.05) (1.85) (0.22)
Guarantee * Post -0.002 -0.030%** -0.035 -0.030%** -0.016 -0.028%**
(-0.03) (-4.64) (-0.38) (-3.78) (-0.25) (-4.52)
Constant 7.901%** -1.808 0.910
(6.98) (-0.42) (0.78)
Branch Share Control v v v v v v
Industry Share Control v v v v v v
Rating FE v v v v v v
Size FE v v v v v v
Qunership FE v v v v v v
Firm FE v v v
Firm * Year-quarter FE v v v
N 76280 48832 79652
Adjusted R 0.903 0.902 0.905

*, %% %% stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters. Standard errors clustered at firm level
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Table 7: Excluding Government Expenditure Shocks Related Industries

This table provides further robustness tests by excluding firms operating in industries related
to government expenditure shocks. We adopt two criterion when determining related industries: (1)
Directly affected: transportation, construction, real estate, and infrastructure (column (1) - (2));
(2) Indirectly affected: basic metals and non-metallic mineral production, mining and quarrying
(column (3) - (4)). The regression model in column (1) and (3) is the same as that in column (5)
in Table 4. The FEs in column (1) and (3) are all interacted with loan type FEs except for the
firm*time FEs, consistent with Table 4. To save space, we run the same regressions as in Table
5 for the two sub-samples and stack the estimated coefficients in column (2) and (4), respectively.
For example, in column (2), the coefficient for Unsecured * Post corresponds to the coefficient for
Post in column (1) of Table 5, only that we exclude all small firms here. Other coefficients can be

interpreted in a similar way.

Criterion #1 Criterion #2
Ln(14+LoanVolume)  Volume Share Ln(14+LoanVolume) Volume Share
(1) (2) (3) (4)
Unsecured * Post -0.007** -0.006**
(-2.41) (-2.22)
Guarantee * Post -0.049 -0.029*** -0.008 -0.027*F**
(-0.80) (-4.62) (-0.13) (-4.39)
Mortgage x Post 0.550%** 0.038*** 0.552%** 0.037%%*
(9.11) (5.72) (9.65) (5.84)
Pledge x Post 0.098** 0.002 0.086* 0.001
(2.13) (0.71) (1.94) (0.20)
Constant 1.265***
(3.69)
Branch Share Control v v v v
Industry Share Control v v v v
Rating FE v v v v
Size FE v v v v
Ouwnership FE v v v v
Firm FE v v
Firm * Year-quarter FE v v
N 73652 80536
Adjusted R? 0.899 0.906

®% %% stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters. Standard errors clustered

at firm level.
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Table 8: Heterogeneity Analysis for SOE and Foreign Trading Firms

This table reports the heterogeneity analysis on SOEs and firms operating in foreign trade
industry. We define a dummy Type which equals to 1 if the firm is a SOE (foreign trading firm),
and 0 otherwise in column (1) - (2) ((3) - (4)). We then interact the T'ype dummy with the previous

loan type and time dummies and include the triple interaction terms to replicate Table 6.

Type = SOE Type = Foreign Trade
Ln(1+ LoanVolume) Volume Share Ln(1+ LoanVolume) Volume Share
(1) (2) (3) (4)
Unsecured x Post -0.008*** -0.005
(-3.22) (-1.62)
Guaranteed x Post 0.003 -0.029%** -0.033 -0.028***
(0.05) (-4.60) (-0.52) (-4.37)
Mortgage x Post 0.606%** 0.040%** 0.548%** 0.037%**
(10.47) (6.10) (8.93) (5.69)
Pledge % Post 0.132%** 0.001 0.374 -0.001
(3.14) (0.43) (1.41) (-0.45)
Type x Unsecured * Post 0.028 -0.032*
(1.30) (-1.85)
Type * Guaranteed * Post -0.263 0.015 0.161 -0.003
(-0.72) (0.65) (0.75) (-0.15)
Type x Mortgage * Post -0.724** -0.035%* 0.065 0.012
(-2.23) (-1.87) (1.50) (0.52)
Type x Pledge x Post -0.667** -0.007 0.318 0.033
(-2.35) (-0.92) (1.36) (1.52)
Constant 1.243 1.065
(1.01) (0.88)
Branch Share Control v v v v
Industry Share Control v v v v
Rating FE v v v v
Size FE v v v v
Ouwnership FE v v v v
Firm FE v v
Firm * Year-quarter FE v v
N 81180 81180
Adjusted R* 0.905 0.905

*, k¥, Fk* stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters. Standard errors clustered
at firm level.
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Table 9: Maturity Shortening

This table reports the changes of maturity post 2008q4. To capture the changes in loan
maturity, the analysis in this table is based on loan-level data instead of firm-level outstanding loan
volume. The dependent variable is loan maturity in year. Post is a dummy variable that equals to
1 if the loan is issued post 20084, and 0 otherwise. Column (2) decomposes the Post dummy into
four interactions terms, each representing one type of bank loan. Control variables include loan
volume (in log), bank share controls, industry share controls, rating FEs, size FEs, loan type FEs,
and firm FEs.

Maturity
(1) (2)
Post -0.037**
(-2.30)
Unsecured * Post -0.434**
(-2.04)
Guarantee x Post -0.020
(-0.80)
Mortgage x Post 0.007
(0.53)
Pledge * Post -0.099%**
(-4.60)
Ln(LoanV ol) 0.047H44%  0.048%**
(7.03) (7.11)
Constant -0.863*  -0.969**
(-1.85)  (-2.03)
Branch Share Control v v
Industry Share Control v v
Rating FE v v
Size FE v v
Loan Type FE v v
Ownership FE v v
Firm FE v v
N 31195 31195
Adjusted R? 0.759 0.761

k) ok kHk stands for significance at 10%, 5%, 1% level, respectively.
T statistics reported in the parentheses below estimated parameters.
Standard errors clustered at firm level.
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Table 10: Relationship and Collateral, Substitutes?

This table reports the results that focus on the possible substitution effect between relationship
and collateral. Panel A investigates the problem of how pre-existing relationship is related to bank
loan volume on average and post 2008. The dependent variable in column (1) -(2) is the total
bank loan volume issued to a firm in each year while the dependent variable in column (3) - (6)
is a dummy variable that indicates whether the firm received any bank loan in each year. Rela is
a dummy variable that equals to 1 if the firm has ever borrowed from the bank in any previous
year. Similar to Post in previous analysis, Post08 is a dummy of time. As we use yearly instead
of quarterly data here, to align with the definition of post, we define post08 to be equal to 1/4 in
2008, 1 here after, and 0 otherwise. Column (1) - (4) presents the OLS results. As the dependent
variable 1{ Newloan} is a dummy variable, we also try logit and panel logit regressions in column
(5) and (6), respectively. We control for industry, rating, size, firm type, year FEs and also firm

FEs in odd columns.

Panel A.
1{Newloan}
Ln(1+4LoanVolume)
OLS Logit
(1) (2) (3) (4) (5) (6)
Rela 0.267*F%*  (0.214%*F*  (0.542%**  (0.203***  2.604***  2.7772***
(4.72)  (4.38)  (36.19)  (9.87)  (28.79)  (14.43)
Rela * Post08 -0.145%* -0.037  -0.728%F*F  _0.950%**  _3.470*** -10.993***
(-1.85) (-0.36) (-39.80)  (-58.32)  (-33.66) (-13.94)
Constant 6.704***  6.763%F*  (0.513**¥*  (0.835%F*F  _2.411%**
(213.34) (150.86)  (70.88) (77.88)  (-4.78)
Industry FE v v v v v v
Rating FE v v v v v v
Size FE v v v v v v
Ownership FE v v v v v v
Firm FE v v v
Year FE v v v v v v
N 5470 4602 9934 9858 9927 6674
Adjusted R? (Pseudo R*)  0.386 0.850 0.152 0.565 0.119 0.365

*, Hkk*E stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters. Standard

errors clustered at firm level in column (1) - (5).
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Panel B.

Panel B further address the question of whether pre-exitsing relationship could mitigate the
rise in collateral requirements post 2008q4. Here we limit the sample to firms that borrowed from
the bank for at least once before 2008q4 and label these firms as “old clients”. Then we follow the

setting in Table 6 and redo the regression.

Old Clients Only
Ln(1+LoanVolume)

Volume Share

(1)

(2)

Unsecured * Post -0.007**
(-2.25)
Guarantee * Post -0.014 -0.028%**
(-0.22) (-4.54)
Mortgage * Post 0.556%** 0.038%**
(9.40) (5.96)
Pledge x Post 0.089** 0.001
(1.99) (0.32)
Constant 1.147
(0.94)
Branch Share Control v v
Industry Share Control v v
Rating FE v v
Size FE v v
Ouwnership FE v v
Firm FE v
Firm * Year-quarter FE v
N 69412
Adjusted R? 0.898

s oksk ook
B s

stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the

parentheses below estimated parameters. Standard errors clustered at firm level.
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Table 11: Collateral Constraint and Firm Outcomes

This table presents firm-level analysis on how collateral structure change is associated with
firm patent applications and TFP. The dependent variable in column (1) - (3) is the total number
of patent applications (in log) and TFP in column (4) - (6). We compute the average change in
collateral structure of outstanding bank loans before and after 2008q4 for each firm and define
Posi as the dummy variable that equals to 1 for firms with increased volume share of mortgage
and pledge loans (column (1) - (2)), mortgage loans only (column (3) - (4)), and pledge loans only
(column (5) - (6)). Similar as in panel A of Table 9, the dummy Post08 equals 1/4 for 2008, 1
for years afterwards, and 0 otherwise. Control variables include firm age (in log), asset (in log),
return on asset (ROA), liquidity ratio (LiquidR), HHI (industry Herfindahl-Hirschman index). We

include firm and year fixed effects.

Ln(1+Patents) TFP
Increased Volume Share of:
M & P M P M & P M P
(1) (2) (3) (4) (5) (6)
Top x Post08 -0.113*  -0.106* 0.102* 0.003 -0.024 0.094

(-1.88)  (-1.82)  (1.90)  (0.06)  (-0.44)  (1.07)
Ln(Age+1)  0.348%FF (. 349%F%  (.354%%% (. 413%8F () 4120FF  (.414%%*

(3.72)  (3.71)  (371)  (3.02)  (3.01)  (3.05)

Ln(Asset) -0.051*  -0.052*  -0.057* 0.088 0.088 0.084
(-1.70)  (-1.73)  (-1.89)  (1.38)  (1.39)  (1.32)
ROA 0.063 0.075 0.078  3.646G***  3.645%**  3.649***
(0.34)  (0.41)  (0.43)  (11.64)  (11.65)  (11.72)
LiquidR 0.132%%  0.137**  0.141**  0.189**  (0.189**  (.192**
(2.03)  (210)  (214)  (222)  (221) (229
HHI -0.813*  -0.808* -0.695 0.844 0.816 0.830
(-1.87)  (-1.86)  (-1.60)  (1.48)  (L.44)  (1.48)
Constant -0.155 -0.150 -0.124 2.159%** 2 159%** 2 195***
(-0.50) (-0.48) (-0.39) (2.96) (2.95) (3.01)
Firm FE v v v v v v
Year FE v v v v v v
N 3705 3705 3705 3044 3044 3044

Adjusted R? 0.342 0.342 0.341 0.743 0.743 0.743

Kk oKk
s

stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated
parameters. Standard errors clustered at firm level.
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Appendix
Figure A1l: City-level Total Outstanding Bank Loan Volume

This figure shows the total volume of outstanding banks loans in the prefecture city related to our
bank loan sample (the gray bars). Data for the total volume of outstanding banks loans at the
prefecture city level comes from the CElnet statistics database. The blue line corresponds to the
volume of outstanding bank loans covered by our sample as a percentage of total outstanding loan

volume in that prefecture city.
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Table A1l: Double Cluster at Firm-Quarter Level

This table replicates the baseline findings in Table 4 (panel A) and Table 5 (panel B) but

instead double clusters the standard error at firm-quarter level.

Panel A:
Ln(1 4 LoanVol; j.4)
(1) 2 ®3) (4) (%)
Guaranteed * Post -0.063 -0.063 -0.014 -0.014 -0.014
(-0.61)  (-0.61)  (-022)  (-0.22)  (-0.22)
Mortgage x Post 0.354**  0.354**  (.558%** (.558%** ().558%**
(259)  (259)  (4.14)  (413)  (4.09)
Pledge % Post 0.115 0.115 0.087 0.087 0.087
(1.64)  (1.64)  (147)  (147)  (1.45)
Post 0.075* -0.003
(2.04) (-0.07)
Constant 2.156%**  2.153FF*  2.988%*  2.150%* 1.049
(7.80)  (7.98)  (2.89)  (2.85)  (0.88)
Branch Share Control v v v v v
Industry Share Control v v v v v
Rating*Loan Type FE v v v v v
Size*Loan Type FE v v v v v
Ouwnership*Loan Type FE v v v v v
Firm FE v v
Year-quarter FE v v
Firm * Year-quarter FE v
N 81968 81968 81180 81180 81180
Adjusted R* 0.393 0.393 0.882 0.883 0.905
*, F% RRE stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated
parameters. Standard errors double clustered at firm-quarter level.
Panel B:
Fraction of:
Unsecured Loan Guaranteed Loan Mortgage Loan Pledge Loan
(1) (2) (3) (4)
Post -0.007* -0.028%** 0.038*** 0.001
(-2.03) (-3.46) (4.14) (0.23)
Constant 0.114 0.170 0.716%** 0.023
(1.63) (1.55) (4.86) (0.49)
Branch Share Control v v v v
Industry Share Control v v v v
Rating FE v v v v
Size FE v v v v
Firm FE v v v v
N 20295 20295 20295 20295
Adjusted R? 0.902 0.868 0.879 0.831

*, *F* ¥EE stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters. Standard
errors double clustered at firm-quarter level.
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Table A2: Interest Rate Analysis

This table focuses on the changes in interest rate. The dependent variable is loan level interest rate (%). Post is a
dummy variable that equals to 1 if quarter ¢ is post or equal to 2008q4, and 0 otherwise. Guaranteed, Mortgage, Pledge
equals to 1 if the loan is a guaranteed, mortgage, pledge loan, respectively, and 0 otherwise. Column (1) - (2) thus analyses the
changes in interest rate for different types of loans post 2008q4, as compared to unsecured loans. Column (3) and (4) focuses
on the differences in interest rate as distinguished by firm ownership and industry post 2008q4. Type equals to 1 if the firm is
a SOE (belongs to foreign trade industry), and 0 otherwise in column (3) ((4)). Ln(Volume) stands for the loan size (in log)
and M aturity is the loan maturity in year. Branch share controls, industry share controls, rating FEs, size FEs, loan type FEs,

firm type FEs are included in all models while we also control for firm FEs and year-quarter FEs in column (2) - (4).

Rate (%)

Type = SOE Type = Foreign Trade
(1) (2) (3) (4)

Post -1.628%**
(-10.18)
Type x Post -0.825%* 0.156*
(-1.85) (1.78)
Guaranteed x Post -0.091 -0.024
(-0.58) (-0.13)
Mortgage * Post -0.062 -0.066
(-0.40) (-0.35)
Pledge * Post -0.590**  -0.768***
(-2.17) (-2.73)
Ln(Volume) -0.020 -0.012 -0.009 -0.010
(-1.42) (-1.02) (-0.76) (-0.79)
Maturity 0.200%**  0.268*** 0.273%%* 0.278%**
(8.90) (7.63) (6.82) (7.46)
Constant 5.449%F*% 7 376HH, 8.883%H* 7.695%**
(14.61)  (5.06) (6.23) (5.31)
Branch Share Controls v v v v
Industry Share Controls v v v v
Rating FE v v v v
Size FE v v v v
Loan Type FE v v v v
QOuwnership FE v v v v
Firm FE v v v
Year-Quarter FE v v v
N 28930 28460 28460 28460
Adjusted R? 0.729 0.901 0.899 0.897

*, k¥ ¥ stands for significance at 10%, 5%, 1% level, respectively. T statistics reported in the parentheses below estimated parameters.

Standard errors clustered at firm level.
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