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Abstract

In 2002 and 2003, many Chinese banks implemented policy reforms that delegated lending
decisions to individuals following China’s entrance into the WTO. With this plausibly exogenous
shock and detailed loan-level data from a large, state-owned bank, we find that an internal risk
assessment measure (‘soft’ information) has a more pronounced effect, relative to publicly
available information (“hard’ information), on both pricing and nonpricing terms of loan contracts
after the reform. When the cost of producing soft information is higher, proxied by the distance
between the bank branch and borrower, or when the loan approval decision is made at the branch
above which the risk assessment is made, the weight of this risk measure on loan contracts shifts
toward hard information. In these cases it also becomes a poorer predictor of loan performance.
Our results highlight how organizational structure and incentives can affect the production and
quality of soft information.
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l. Introduction

There are at least two types of information that are essential in communications and
business transactions: ‘hard’ information that is publicly verifiable (e.g., by a court), and ‘soft’
information that is not verifiable and may or may not be publicly observable (e.g., Stein, 2002). A
growing literature emphasizes the importance of soft information for transactions such as financial
contracts, and demonstrates that organizational structure can affect how this type of information is
produced and used. In this paper, we examine how banks with different organizational and
incentive structures produce and process soft information in setting both price and non-price terms
of loan contracts, and how that information correlates with loan outcomes.

We use data from China, where the banking sector has historically been dominated by
large, inefficient state-owned banks relying on centralized decision-making processes. Following
China’s entrance to the World Trade Organization (WTQ) in December 2001, however, many
banks, and in particular, state-owned banks, implemented a series of reforms during the second
half of 2002 and throughout 2003 with the focus on decentralization—shifting the responsibilities
of making lending decisions from committees to individual officers working in branches that
process loan applications. These reforms provide stronger incentives for individual loan officers
to produce soft information, yet they are plausibly exogenous from the perspective of loan officers
because the reform decisions came from the highest level due to external pressure.

To test how a shift in incentives affects contracting, we exploit detailed proprietary loan-
level data from a large, nationwide state-owned bank that provides us both contract terms (interest
rates and credit limits) and outcomes (default). We extend the literature by finding strong

evidence that incentives to produce soft information affect, first, how banks use that information in

! The four largest state-owned banks have become publicly listed and traded companies in both domestic and Hong
Kong exchanges, with various agencies of the government retaining majority (equity) control. These banks have not
been severely affected by the 2007-2009 global financial crisis, and are currently among the largest banks in the world
(source: Bloomberg). See, e.g., Allen, Qian, Zhang and Zhao (2010) for more details.



setting ex ante terms and, second, how well that information forecasts loan performance. We also
have measures of the distance between borrowers and banks and find evidence that physical and
organizational distance makes it more difficult to produce soft information.

Our loan sample covers borrowers with various ownership types located in more than
twenty cities across China for the period 1999-2006. We treat loans originated in the first half of
2002 and earlier (2004 and later) as the pre-reform (post-reform) period. For dependent variables,
we include a pricing variable on loans (interest rate) and a non-price variable (the credit limit, or
size of the loan), as well as the outcome of the loan (whether it defaults or not). The key
explanatory variable, and our proxy for soft information, is the internal risk measure of the
borrower—it varies from one to eight, with a higher score indicating a borrower with higher credit
quality. Before reform these subjective ratings were collectively produced and signed off by a
group of loan officers from the bank’s loan investigation unit; after reform, however, individual
loan officers within the unit became responsible for the ratings and can be held liable for bad loans
extended based on inaccurate ratings. In our basic models, we examine and compare the impact of
this internal rating variable on loan contract terms and performance during the pre- and post-
reform periods; we use a standard “difference-in-difference’ approach by interacting the rating
with a post-reform dummy. We then introduce interactions between measures of the distance
between borrower and lender with the internal rating. As control variables we include firm
location, bank branch and year fixed effects, as well as measures of hard information of the
borrowers—firm size, return on assets (ROA) and leverage.

We draw two broad conclusions. First, decentralization that holds individuals accountable
strengthens incentives to produce high-quality soft information. Interestingly, we find that the
internal ratings become tougher after the reform—there are more loans (with similar

characteristics based on hard information) that received the two lowest possible ratings. This shift



in ratings is consistent with ratings ‘inflation’ or *softness’ during the pre-reform period, and is
also consistent with loan officers’ tendency to assign lower ratings when they are responsible for
defaulted loans after the reform. More importantly, the rating has a stronger effect, relative to
publicly available information (hard information), on both the price and non-price loan terms after
the reform. Specifically, a better rating leads to a greater reduction in interest rates and greater
increase in loan size in the post-reform period than in the pre-reform period. In fact, we find no
effect of the internal rating on loan terms prior to the reform. Given that interest rates are partially
controlled in China in that the central bank sets the upper and lower bounds on interest rates on
loans (and deposits), it makes sense that we find the impact of internal ratings on loan size to be at
least as pronounced as that on interest rates. Lenders use multiple contracting dimensions that go
beyond the interest rate to solve control problems and to mitigate risk. This finding confirms the
importance of examining both price and non-price terms of the contracts, especially in
environments where interest rate is not fully effective in pricing risk (e.g., Stiglitz and Weiss,
1981; Qian and Strahan, 2007). Finally, we find that internal ratings become a better predictor of
loan default after the reform. Overall, with better incentives banks produce higher quality
information, and this information is used more prominently and effectively during contracting.

Second, our results show that increasing both geographical and organizational distance
raises the cost of producing soft information. We include the number of kilometers between the
headquarters of the borrower and the nearest branch (of any lending institution in the area) to
measure geographical distance. To measure organizational (or hierarchical) distance, we include
an indicator that equals one if management making final loan approval decisions resides in
branches above those in which internal credit ratings have been generated (i.e. the branch where
the borrower interacts with the banker). As in Stein (2002), we posit that if the loan officers

creating the rating knows that instead of senior officers from their own branch, with whom they



can communicate on a daily basis, someone from another branch (above theirs in terms of
hierarchy) is in charge of loan approvals, their incentive to produce high-quality rating will
decrease. We find that the weight placed on the internal ratings declines when either the physical
or hierarchical distance increases; instead, hard information plays a more important role in these
cases and the ratings become poorer indicators of loan default.

Our paper contributes to and extends the literature on soft information in financial
contracting. Despite ample theoretical work in information transmission, and in particular,
understanding how organizational structure and complexity affects the production and use of soft
information (e.g., Crawford and Sobel, 1982; Radner, 1993; Bolton and Dewatripont, 1994;
Aghion and Tirole, 1997; Garicano, 2000), there is only limited empirical validation of these
theories. A major obstacle is data on soft information as well as how hierarchical structures can be
converted into quantitative variables from within and across firms. An additional difficulty is to
find plausibly exogenous variations across firms in these structures. In these regards, our results
based on exogenous shocks to the banking sector and detailed loan-level data provide direct
evidence that highlight the importance of the design of organizational and incentive structures
within firms for the production of soft information. Better information, in turn, expands the
supply of credit and improves (lending) outcomes.

Our results are of particular relevance for emerging economies that aim to develop their
financial institutions. Given the ‘populist’ demand for tighter regulations on financial institutions
following the 2007-2009 global financial crisis, our results also call for more caution in excessive
regulations (in any country) as they may destroy the incentive structure to produce high-quality
soft information, which is central in financial contracting and most business transactions.

There are a few recent empirical studies in banking that exploit how variations in size or

organization complexity affect soft information production and usage, but they are unable to



exploit plausibly exogenous variations such as the policy innovation in China as in our context.
For example, Berger et al (2005) compare the use of soft information for large versus small U.S.
banks, finding that smaller organizations seem better able to provide incentive for investment in
soft information. Liberti and Mian (2010) use data from one bank in Argentina to explore how
hierarchies within banks affect the use of soft information in determining credit limits. Their
identification strategy relies on the bank’s use of a well-defined set of rules to assign different
hierarchical distances, which allows the authors to control for these observable borrower
characteristics. Our study extends their findings in several directions. First, we are able to exploit
an exogenous shock whereby the incentive of loan officers to collect soft information increases.
Second, we explore not only credit limits but also loan pricing and outcomes. Finally, other
papers also find physical distance between lenders and borrowers adversely affects the quality of
soft information (e.g., Petersen and Rajan, 2002; Degryse and Ongena, 2005; Agarwal and
Hauswald, 2010). What we show is that hierarchical, or organizational distance, can also reduce
the incentive, as much as physical distance, to produce soft information. This makes the reform of
organizational structures a top priority (along with bank branching) for developing financial
institutions in emerging economies.’

The rest of the paper is organized as follows. In Section I1, we describe China’s banking
sector and the policy reforms that we exploit as our main identification strategy. We also review
related strands of literature on the production and use of soft information. In Section I11, we
describe our sample of bank loans, and then present the empirical tests, results and discussions.
Section IV concludes the paper. The Appendix contains case studies on how internal credit ratings

(containing soft information) are created.

2 In addition, Mian (2006) shows that domestic banks tend to invest more in relationship, while Liberti (2004) exploits
a change in incentives with a bank, finding that effort by lending officers to invest in soft information increases.



I1. Institutional Environment, Organization Structure, and Lending Process

In this section we first describe China’s banking sector, including the organization
structure and lending process of state-owned banks and the regulatory environment. We then
describe the policy change as a result of China’s entrance to WTO in 2001. We also briefly
review related strands of literature on information transmissions, organizational structure and

financial contracting.
11.1 Overview of China’s Banking Sector and Lending Process

The large banking system has played an important role in financing the growth of China’s
economy, now the second largest in the world (Allen, Qian and Qian, 2005). The four largest,
state-owned commercial banks have nation-wide networks of branches and control the majority of
assets in the banking system, although their dominant status has been weakened in recent years
with the entrance and growth of many domestic and foreign banks and non-bank financial
institutions. The most glaring problem of the banking sector had been the high levels of non-
performing loans (NPLs), most of which accumulated in the ‘Big Four’ state-owned banks from
poor lending decisions to state-owned enterprises (SOEs). Following the Asian Financial Crisis in
1997, China’s financial sector reform began to focus on state-owned banks, with the goal of
improving their efficiency—i.e., to make these banks behave more like profit-maximizing
commercial banks and lowering the level of NPLs. With the help of sustained economic growth,
the government’s concerted effort during the past decade have paid off, as the level of NPLs has
been steadily decreasing after reaching its peak during 2000-2001. All of the Big Four banks have
become publicly listed and traded companies (in both domestic and Hong Kong exchanges) in
recent years, with the government and its various agencies retaining majority control (through the

holding of large equity blocks). With prudent investment approaches, these banks have not been



severely affected by the 2007-2009 global financial crisis, and are currently among the largest

banks (both in terms of market capitalization and assets) in the world.

China’s banking sector, as other sectors of ‘strategic importance,” has been under intensive
monitoring by the government, mainly through its central bank (People’s Bank of China, or
PBOC). The PBOC limits the movements of interest rates on both deposits and loans by setting
base rates along with upper and lower bounds, and these rates and bounds vary over business
cycles and loan maturities. Figure 1 shows the movements of (regulated) interest rates during our
sample period. Within the specified bounds, however, the lenders (and borrowers) can freely
choose to set interest rates. Hence, in our empirical tests on the pricing of bank loans, we drop
loans that hit either the upper or lower bound of interest rates and we also include year fixed
effects. Since interest rates can only vary within bounds and hence the ex ante pricing tool for the
banks in controlling borrower risk is limited, it is important to also look at non-price terms of the

loan contracts; hence we also focus on loan size.®

China’s entry into the WTO in December 2001 marked the beginning of its integration into
global markets and economies—all member countries of WTO must (eventually) open up
domestic markets and allow frequent and large-scale capital flows.* In anticipation of much more
competition from foreign (and domestic) financial institutions, many Chinese banks, especially
those that are ultimately owned by the government, began implementing a series of reforms during

the second half of 2002. These reforms were not triggered by any specific problem of any major

® We do not consider loan maturities as a dependent variable. Given the uncertainty in how the government sets and
changes upper and lower bounds on interest rates, most of the loans in our sample have a maturity less than one year.
Moreover, since the bounds on interest rates vary with loan maturities, it is unclear whether loan maturity is an
independently chosen contract term.

* The growth of financial institutions outside the Big Four banks is visible in the data. For example, in 2001, the total
assets, deposits, and loans made of all “other commercial banks,” where various joined ownerships are forged among
investors and local governments, and foreign banks, are about a quarter of those of the Big Four banks; in 2008, the
scale of these institutions in the same categories is more than half of the Big Four banks. Seg, e.g., Allen, Qian, Zhang
and Zhao (2010), and the Almanac of China’s Finance and Banking (2000-2008), for more details.



bank; rather, the decisions to reform were made at the highest level in order to improve the
competitiveness of all large state-owned banks against pending foreign competition. Therefore, in
our view these reforms provide plausibly exogenous shocks to the banking sector, particularly

from the view of the loan officers at different branches across the country.

One of the central themes in this round of reforms is decentralization—imposing greater
responsibilities on individual loan officers in charge of different stages of lending. Under the old
regime, the entire lending process, from loan application and the initial screening of borrowers to
the final approval of the terms of loan contracts, was done within the same branch by possibly the
same group of employees (and signed off by the president of the branch) without any clear
designation of individual responsibilities. Since the ‘group’ is responsible for every step of the
lending process, individual officers lacked the incentive to perform their tasks. Under the new
regime, there are up to five subgroups/divisions within a branch, each with clearly defined
functions/roles during the lending process: (initial) investigation, verification, deliberation and
discussion, approval, and post-loan monitoring and management. Individual officers must sign off
on the reports produced along each step of the process. In particular, loan officers are responsible

for the internal ratings and can be held liable for bad loans extended based on inaccurate ratings.”

While the delegation of important steps and tasks to individual employees aims to enhance
their incentives to exert efforts and improve the accuracy and efficiency of the lending process, the
approval of the final terms of the loan contract is left with a committee (through voting) consisting
of senior officials of the branch, with at least one official not involved with any of the earlier

stages of the lending process. The reason for this approach is to avoid granting excessive power to

® Decentralization and the delegations of decision-making to individual officers were first introduced in 1995 (Laws
and Regulations governing Commercial Banks). In practice, however, these new approaches were rarely implemented
within state-owned banks as they marked a significant departure from traditional, group-based decision processes.
With China’s entrance to the WTO in 2001 and credible, imminent threat from foreign institutions, the banking sector
finally implemented and completed these changes in 2002 and 2003.



one or a few individual officers, which could induce corruption and other bad behaviors. In some
cases, the final decision on the terms of loans is made by officials at a branch above the one where

the previous steps of the lending process have been carried out.

Internal documents from the bank and discussions with senior bank officials reveal that
whether the approval decision is shifted upward along the hierarchy chain is predetermined and
thus exogenous from the point of view of (lower) branch officers who produce the internal risk
measure. In general, these decisions are based on three factors. First, if the bank branch that
receives loan applications and produces internal ratings has poor prior performance, their decision
power may be taken away. Second, if the bank branch is located in a region that has struggled
economically, which makes all the borrowers riskier than those from other regions, the decision-
making may shift upwards. Finally, if a borrower itself is deemed ‘risky,’ either because it has a
poor prior record in repaying loans and/or has subpar recent performance, the final decision to
lend to the borrower may come from a higher ranked branch. In our empirical tests we explicitly
examine which loans are more likely to go up the branching chain and the impact of this hierarchy

decision process on the production of soft information.

Once a loan is made, the bank/lender enters the post-loan management phase and actively
monitors the borrower and continues to reassess the (repayment) risk. If a firm defaults on the
loan—failure to pay the interests and/or principal amount on time, the bank typically (privately)
works out a loan/debt restructuring plan with the firm. The bank can also take a number of other
actions, including repossessing collateralized assets, asking the guarantor(s) (individuals, firms, or
other entities) of the loan to repay, or taking the firm to court. In some cases involving a defaulted
state-owned firm/borrower, the government may step in and (partially) repay the bank. In our

empirical tests we distinguish borrowers’ ownership types—i.e., whether it is ultimately owned by
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the state or not.°
11.2 Theoretical Background and Hypotheses on Soft Information and Contracting

It is well known that both “‘hard’ information and ‘soft’ information are important for
information transmission and communications. The non-verifiability of soft information, and
different (and possibly unknown) incentives of agents producing and transmitting this type of
information (see the seminal work of Crawford and Sobel, 1982, among others), makes it more
intriguing and potentially the determining factor in the success of communications and business
transactions. Theoretical work has examined two related aspects of how organizational structures
and incentives affect the production and quality of soft information (see. e.g., Petersen, 2004, for a
review). First, individuals with more authority and responsibilities have a stronger incentive to
produce soft information so as to put their own stamp in the decision process (e.g., Aghion and
Tirole, 1997). Second, large hierarchical organizational structures, while providing advantages
such as specialization and parallel processing, reduce ex ante incentives of individuals to produce
soft information (e.g., Stein, 2002) and impose higher ex post communication costs across

different hierarchy levels (e.g., Radner, 1993; Bolton and Dewatripont, 1994; Garicano, 2000).

Testing these theories has been challenging, because data on soft information are difficult
to observe and because hierarchical structures are often difficult to convert into quantitative
variables. In addition, finding plausibly exogenous variations across firms in organizational and
incentive structures is a necessary condition to draw clear inferences. With the exogenous shock

to the organizational structure of the same bank (with nationwide branches) described above and

® China enacted a new bankruptcy law in August 2006 (effective on June 1, 2007), which applies to all enterprises
except partnerships and sole proprietorships. In many aspects the new law resembles bankruptcy laws in developed
countries such as the UK. For example, it introduces the (independent) bankruptcy administrator, who manages the
assets of the debtor after the court has accepted the bankruptcy filing. Despite all the legal procedures specified by the
law, enforcement of the law remains weak and inconsistent. Many distressed and insolvent firms are kept afloat, and
almost all the listed firms that file bankruptcy end up with restructuring plans and are rarely delisted.

11



detailed loan-level data, we can test how different structures within firms affect the production and

quality of soft information.

In our first set of tests, we examine how soft information affects the terms of loan
contracts. If individual loan officers have a stronger incentive to produce soft information after
the reform, soft information should play a more prominent role in setting contract terms relative to
hard information on the borrowers (size, ROA, leverage, etc) and the loan (purpose and type). As
the effectiveness of using interest rates to price and control risk is limited in environments of
asymmetric information and weak enforcement (e.g., Stiglitz and Weiss, 1981; Diamond, 2004;
Qian and Strahan, 2007), it is important to also examine nonpricing terms of the contracts. More
specifically, the improvement in internal ratings (of the same unit) should lead to a greater
increase in loan size and greater decrease in interest rates in the post-reform period. These results
would provide the ex ante quality measure of the soft information. We also examine how
effective can the soft information predict loan outcome (defaulted or not) after controlling for hard

information. This would serve as the ex post quality measure.

I11. Data, Empirical Methods and Results
111.1 Data and Key Variables

Our proprietary data come from a large bank that is ultimately owned by the state and has a
nationwide network of branches that handle deposits and loan applications. The bank provides us
with a large sample of loans with borrower firms coming from twenty-four cities of different sizes,
located in all the regions of China, including the developed coastal area, the northeastern
(traditional) industrial base, and less developed inland regions. There are small bank branches in

the sample located in rural counties, and large branches located in provincial capitals, as well as
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branches in between. We include city fixed effects in all of our tests.

We include a variety of measures of hard information and use the bank’s internal credit
rating to measure soft information. Hard information measures include information that is
externally verifiable, such as borrower asset size, return on assets, leverage, industry, and location,
as well loan type and purpose. Our measure of soft information is the loan officer’s subjective
rating of the borrower, which ranges from one to eight, where eight represents borrowers with the
lowest default risk (and highest credit quality). As described above, prior to the reform (first half
of 2002 and earlier), individual officers who produced the ratings did not need to sign off on the
ratings report; rather, this report and all the subsequent reports related to the verification and
approval of the loan are signed by the same executive(s) of the branch. However, after the reform
(2004 and later), individual officers must sign the ratings report and bear personal responsibilities
of the quality of the report.

Based on internal documents and discussions with bank officials at different levels, we
know that the production of soft information is based on the loan officers’ evaluation of the
(borrower) firm’s recent and past performance, both in terms of its own profitability and records in
repaying loans in the past, as well as its projected growth/performance during the loan period. The
evaluation process also includes discussions with borrower firms’ executives, potential guarantors,
business partners and customers, and local government officials who may have a vested interest in
the firm. Clearly, this process includes the usage of both hard and soft information, possibly
altered by the personal interests of the officers when the report is produced. In Appendix A we
provide two case studies on how the subjective ratings are created and what types of soft
information (not verifiable by a third part) are included. These case studies also show that not all
soft information is accurate, leading to different quality (of these ratings) in predicting the

outcome of the loans.
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Panel A of Figure 2 reports two histograms of the actual distributions of the soft-
information score during the pre-reform (pre-2003) and post-reform (post-2003) periods. At first
blush it appears that the distribution shifted quite dramatically over time toward riskier borrowers
(also see Panel A, Table 1). For example, during the pre-reform years almost no borrowers
received ratings in the lowest two categories, whereas 12% received ratings in the highest
category. Post-reform we see almost no mass in the highest ratings bin, but more than 13%
receive scores in the lowest two bins. Making loan officers more accountable for credit ratings
may change both the information content of credit ratings and shift the distribution of ratings. For
example, risk-averse loan officers may be less willing to grant the highest scores if they may be
later held accountable for borrower defaults. Increased lender conservatism could thus shift the
distribution of scores to the left even if average borrower risk has not changed.” Better
information content, in turn, implies that the bank will place more weight on the credit score in
setting loan terms, which we explore below.

To test for loan-officer conservatism, we estimate a predictive model from the post-reform
sample, and then compare the actual vs. predicted credit scores from that model using borrower
characteristics in the pre-reform sample. That is, we first regress the actual credit scores in the
post-reform sample on borrower observables (i.e., hard information). The model includes the log
of borrower assets, leverage, return on assets, the log of the minimum distance to the nearest
potential lender, and indicators for state-owned enterprises, private enterprises, industry and city.
We then apply the estimated coefficients from this model to the pre-reform data to build a
hypothetical credit scores (e.g. predicted values) that would be observed if loan-officers behaved

pre-reform as they had behaved post-reform.

" Agarwal and Wang (2009) use data from small business loan officer compensation from a major commercial bank
and find that incentive-based compensation (without much downside penalties) increases loan origination and induce
the loan officers to book more risky loans.
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Panel B, Figure 2 reports the distribution of these hypothetical credit scores and compares
it with the actual distribution during the pre-reform period. Clearly, the mass shifts sharply to the
left. For example, borrowers that actually received scores in the 7-8 range would likely have
gotten scores 1 to 2 notches lower if they had applied during the tougher, post-reform regime.
Overall, the mean of the hypothetical score is 1.5 notches lower than the actual scores (falling
from 5.6 to 4.1). Thus, the reform increased loan-officer toughness. In the next sections we test

whether this toughness also improved the value of the credit scores for making lending decisions.

111.2 Empirical Strategy

Our main empirical strategy tests whether links between the bank’s soft-information credit
score to the loan interest rate, the credit limit (log of loan size), and the loan outcome increase
when: 1) individual responsibility for production of soft information increases; and, 2) the distance
from borrower to the loan officer decreases. As discussed earlier, the changes in individual
responsibilities occurred in 2003 in response to increasing pressure on state-owned banks to adopt
best practice after China entered the WTO. This change is plausibly exogenous from the
perspective of the loan-officers engaged in information production and contracting with
borrowers. For distance, we build two distinct measures, one based on geographical distance
between the borrower and the bank, and the other based on within-bank organizational (or
hierarchical) distance between the employees interacting with the borrower and employee vested
with decision rights over the loan. Specifically, we create an indicator variable equal to zero if the
loan approval is done in the same branch office where the lending officer responsible for
constructing the soft-information credit score works.

Endogenous matching of lenders to borrowers may affect the interpretation of our results

regarding physical distance. Firms may choose to borrow from nearby lenders to improve credit
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access; moreover, this endogenous matching may have its greatest impact on firms for which close
proximity matters most. For example, suppose, as posited by our strategy, that increasing distance
raises the cost of producing accurate soft information. If so, an exogenous decrease in distance
ought to lower interest rates and expand credit access. But if high-risk firms are more likely to
borrow from nearby banks, these causal effects of distance on rates and access will be attenuated.
To mitigate this bias, we report several specifications. First, we report a specification that focuses
only on the policy innovation, which is plausibly exogenous to the decisions between individual
bankers and their borrowers. Second, we use the distance between the borrower and the nearest
branch of all lending institutions in the area, rather than the distance to the actual branch of our
bank, as an instrument for geographical distance. This variable does not depend on the borrower’s
choice of which bank to approach for credit, hence side-stepping the endogeneity concern
completely.® So, in our second set of models we estimate models with only the policy variable
and the nearest distance variable. In our third approach, we estimate a specification with the two
distance measures together. In these regressions, we do not have an exogenous measure for the
hierarchical distance. However, the decision regarding where the loan approval is made appears to
be exogenous from the point of view of loan officers producing the soft information (see Section
Il above), and we condition on all of the variables associated with the bank’s decision on which
layer of the hierarchy approves or denies the application, which helps to mitigate endogeneity
concerns. Since our measure of hierarchical distance is only available after 2002, we report this
third specification without the policy reform interaction.

To encapsulate this description of our models analytically, here are the three sets of

regressions that we estimate:

® The distance to the nearest bank branch is a powerful instrument for the actual distance between the firm and the
actual bank branch (that the firm obtains credit), with a correlation between the two of 0.41.
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Loan term (or outcome);, = ' Soft-information;, + p*Soft-information;, x Post-2003,
+ Fixed effects + Hard-information controls;, + ¢;,,

t = 1999-2006 (second half of 2002 and 2003 omitted) (1)
Loan term (or outcome);, = ﬂISoﬁ-information,;t + ﬂzSoft-informationL, x Post-2003;
+ BSoft-information;,; x Log(1+ distance to nearest potential lender);, +
+ Fixed effects +Distance and other Hard-information controls;; + &;,,

t = 1999-2006 (second half of 2002 and 2003 omitted) (2)
Loan term (or outcome);, = ﬂISoﬁ-information,;t +
+ BSoft-information;,; x Log(1+ distance to nearest potential lender);; +
+ ﬂ4 Soft-information;, x Higher-level branch indicator;,

+ Fixed effects +Distance and other Hard-information controls;; + &;,,

t = 2004-2006 (post-reform subsample only) (3)

where i indexes borrowers and ¢ indexes years. The structure is not a true panel because many of
the borrowers appear in the sample just once (1,259 firms have only one loan), but we do include
year, city and industry fixed effects in all of the models. The year effects absorb the direct impact
of the Post-2003 indicator (as well as absorbing macro conditions), so we only report its
interaction with the soft-information index in the tables.

In estimating Equations (1)-(3), we report two measures of the loan price and one measure
of loan size. The first pricing measure equals the raw interest rate, and the second pricing measure
equals the ratio of the raw rate to the (government-determined) base rate for loans of the same
type. As noted in Section Il, the PBOC sets an upper and lower bound for interest rates that
adjusts around a base rate. The base rate is set based on goals for macro-stabilization policy, so
this base varies over time, as well as across loans with different maturities. Hence, this adjustment
differs from including the annual fixed effects because the base rate varies with the maturity of the
loan (i.e. there is some cross-sectional variation at any given time). As shown in Table 1, the

distribution of the adjusted interest rate narrows relative to the raw rates; without the adjustment,
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for example, the raw rate varies from a minimum of 7.25% to a maximum of 14.63% in the post-
reform years, compared to a range of 0.3 to 1.5 for the adjusted rates during the same time period.
As discussed earlier, we drop loans that hit either the upper or lower bound of interest rates in all
the loan-pricing tests. Finally, our nonprice loan term equals the log of the amount of credit
approved for the borrower on the loan.’

We study two measures for loan outcomes. First, we build an indicator equal to one for
loans that are paid off in full and on time, and zero otherwise. We report logit regressions
comparable to (1)-(3) above for this variable. Second, we exploit all of the variations in loan
outcomes (one year after the loan maturity date is the cutoff for measuring late payments) with a
variable that takes the value of zero for complete defaults, one for cases of partial repayment, two
for cases of full payment but not on time, and three for cases of full and timely repayment. For
this variable, we estimate an ordered logit model.

The key variables of interest in Equations (1)-(3) are the interaction effects between the
soft information (internal credit rating) and: 1) the policy innovation (Post-2003); 2) the log of one
plus the minimum geographical distance between the borrower and the nearest potential lending
institution (an instrument for the actual physical distance between the borrower and the actual
bank branch); and, 3) an indicator equal to one if the loan officer (the person responsible for
collecting information and building the soft-information) and manager (the holder of loan-
approval decision rights) work in different branch offices.’® As noted, we use the distance to the
nearest bank office rather than the actual distance to the lender to sidestep the endogeneity
associated with the borrower’s choice about which bank to borrow from. We would expect that an

increase in the soft-information credit rating would lead to lower interest rates, greater credit

° We would in principle also like to study the probability of loan approval, but this variable is not available in our
dataset.

1% Once again, we drop the data from the second half of 2002 and 2003, the period of the policy change.
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limits, and better outcomes. The marginal effect of soft information ought to strengthen after 2003
and as the distance between bank and firm is reduced. Hence, we expect the same sign for 4’ and
/. and opposite signs for 4’ and g’ and for ' and f”.

Our measures of hard information include log of borrower assets, the return on assets
(profits divided by assets in the year prior to loan origination), leverage (total debt before the loan
/ total assets), indicators for SOEs (state-owned) and privately owned firms (all the other
ownership types, including mixture of local government and private ownerships, are the omitted
group), and for loan types and purposes (e.g., fixed assets investment, real estate investment, and
working capital). Each of the firm characteristics is measured in the year prior to loan origination.
In some specifications, we include the full set of interactions between each of our hard information
variables with the policy innovation (Post-2003) and with the distance measures; however, since
we have multiple dimensions of these hard-information variables, we do not attempt to interpret
these interaction terms.*

Table 1 reports summary statistics for firm characteristics (Panel A), loan terms (Panel B),
and information on the bank branching hierarchy (Panel C). During the pre-reform sample the
average firm asset size was RMB 338 million (about US$ 40.8 million), rising to RMB 745
million in the post reform sample; during the same period average loan size rises from RMB 5.3
million to RMB 7.7 million.*? Leverage was slightly lower in the post-reform years (0.54 v. 0.48),
whereas firm profitability was higher post reform (ROA rising from 7% to 9% at the mean).

Despite better average characteristics based on hard information in the post-reform period, the

' In contrast, Liberti and Mian (2009) are able to create two comparable credit scores measured in the same units, one
based on hard information and the other based on soft information, because the bank that they study creates two such
aggregate information measures. This allows them to compare the relative weights on the two sources of information
as a function of the hierarchical distance between the lender and the firm.

12 We use RMB, the Chinese currency, to denote loan and firm size variables. The official exchange rate was US$1 =

RMB 8.28 before 2005; despite (gradual) appreciation of the RMB over U.S. dollar and other major currencies since
2005, much debate remains on the extent to which the RMB is undervalued.

19



internal soft-information credit score fell from 5.6 to 4.9 at the mean. Based our analysis shown
above (Figure 2), we conclude that this is (partially) a result of increased rating conservatism post-
reform. As shown in Panel C (information available during the post-reform period only), more
than half of the loans are approved locally; as firm size increases (sorted by the size quintiles) the

likelihood of local approval increases.

111.3 Results
Ex Ante Contract Terms

Table 2 reports the baseline results for ex ante loan terms, that is, our estimate of Equation
(1). We then report expanded models that include the distance metrics (Equations (2) and (3)) in
Tables 3 and 4. Since we can only observe the hierarchical distance after 2003, we report a model
with just geographical distance and the post-2003 indicator in Table 3, and a second model with
both distance metrics over just the post-2003 sample in Table 4. Table 5 reports descriptive
statistics on loan outcomes, and Tables 6-8 report similar regression models using the loan
outcome as the dependent variable.

For each specification, we first report a simple model that includes just the soft information
index, its interaction term(s), and the industry, year and city fixed effects (Columns 1, 4 and 7 in
Tables 2, 3, and 4). Second, we add a vector of borrower and loan attributes that incorporate hard
information (Columns 2, 5, and 8 in Tables 2-4). Third, we interact each of the hard information
variables for the borrowers with the post-2003 indicator and the two distance measures to account
for the notion that the lender might lower the weight placed on hard information as it increases the
weight placed on soft information (Columns 3, 6 and 9 in Tables 2-4). We do not report all of the
coefficients on the interactions between the hard information variables and the internal credit

rating to save space.
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The results in Table 2 suggest that increasing the accountability of loan officers improves
the value of the soft information that they collect, thus allowing the lender to place more weight on
soft information in setting loan terms. The effect of the soft information prior to the policy
innovation, in fact, is small and not even statistically significant in either the pricing or credit limit
equations (with one exception — Column 7). However, its effect becomes large, both statistically
and economically, after the policy change. For example, based on the fully saturated model (Table
2, Column 3), increasing the soft information index from the 25" to the 75" percentile (an increase
of about 4 notches) lowers the interest rate by 0.17 percentage points. The effect of moving the
soft-information score by a similar amount would also increase the credit limit by about 10%
(Column 9). So, enhancing loan-officer accountability increases the usefulness of soft
information; ex ante contract terms depend on soft information only after the responsibility for
collecting the information resides clearly with loan officers (that is, only after 2003).

In Table 3, we add the minimum distance (and interactions) between the borrower and the
nearest lender. To mitigate the influence of outliers, we use the log of one plus the distance
between the firm and the nearest bank branch. We construct distance using mapping software
from the head office of the borrower to the nearest branch of any institution that might grant a
business loan. This variable thus acts as an instrument for actual distance, but avoids the
endogeneity problem that would potentially occur if we used the actual distance which depends on
the firm’s banking choice. In the enhanced model, both the policy change and physical distance
affect the utility of soft information. Soft information has less value to banks when the borrower
is located further away. Adding distance has almost no effect on the magnitude of the coefficient
interacting Post-2003 with soft information (comparing coefficients in Tables 2 and 3). Distance
itself reduce credit access (direct effect is negative in Column 9), and, as expected, longer distance

increases information production costs.
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Table 3, Panel B illustrates the economic impact of both distance and the soft information
credit rating. The table reports the change in the dependent variable for a four-notch increase in
the soft information index (from the 25" to the 75" percentile), and compares these effects in the
pre vs. post-reform eras and for firms close to vs. further away from the nearest potential lender.
For firms located close to banks (the modal response has distance of approximately zero km), the
effect of better soft information is to lower the interest rate by 19 basis points in the post-reform
sample; for firms not located near banks (firms located 2.27km from the nearest lender; 2.27km is
the mean of the nearest distance for the whole sample), this effect declines to 15 basis points.
Similarly, loan size increases by almost 11% with a four-notch increase in the credit rating for
firms located near banks but just 5% for firms more distant from banks. As in the simpler model,
there is essentially no effect of variation in the soft information rating prior to reform, regardless
of distance.

Table 4 reports models with both distance metrics — geographical and hierarchical — for the
post-2003 sample. These models suggest that both geographical and hierarchical distance reduce
the utility of soft information. Again, we see consistent effects in both the pricing and credit limit
models. For firms whose application decisions are taken at the same level of the hierarchy as the
internal information score (S0 higher-level branch indicator = 0) and are close to the bank
physically (so Log(1+distance) = 0), the coefficient on soft information equals -0.15; for firms
more distant physically (Log(1+distance) = 1) and whose application is decided at higher levels
(SO higher-level branch indicator = 1), the coefficient falls in magnitude by about 50%, to 0.07.
So, for example, raising the soft information score by four notches would lower the interest rate by
60 basis points when the decision is taken by the nearby information processor; this effect drops to
28 basis points when the rating is produced in a branch farther away and the approval decision is

taken at a higher level of the organization (Table 4, Panel B). The effect of soft information on

22



credit limits is also strongly positive for loan applications processed locally (coefficient = 0.045),
whereas its effect is nearly zero for loans processed at a higher level within the bank (higher-level
branch indicator = 1). For example, increasing the soft information by four notches increases the
credit limit by about 18% for firms near lenders in the post-reform era (Table 4, Panel B).
Ex Post Outcomes

We have seen that the bank places greater weight on soft information when contracting
problems between the loan officer and the management of the bank are better contained, both by
placing greater responsibility on individual lenders and by having decisions taken at the branch
level rather than at a higher level within the organization. This behavior supports the idea that the
soft information itself is more informative when those internal agency problems are less severe.'®
We now test this idea directly by estimating whether the soft-information credit rating predicts
outcomes better after reform and when borrowers are closer to lenders. For our sample of loans,
we are able to observe whether the borrower paid the lender on time or was in some kind of
default state, using one year after the original loan maturity date as the cutoff date for late
repayment. For example, of the 3,190 loans made in the pre-reform sample, 2,065 (about 2/3)
paid off in full and on time. Of the other third, most borrowers paid off the loan (one year after
the maturity date) but were late on some of the payments (1,096). During the post-reform period,
where we have a larger sample of loans, the distribution was somewhat more favorable, with about
77% of loans performing on time. The better performance post-reform may be due in part to the
policy change, although the economy overall performed better during these years than during the

earlier period.

3 We are not suggesting that having lending decisions taken out of the local branch is a mistake by the bank.
Separating the contracting responsibility from the decision-making responsibility will reduce soft information’s value
(a cost), but may also mitigate corruption problems (a benefit) that could more than offset the reduction in the utility
of soft information.
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Table 5 reports the simple default statistics by credit rating, divided into pre- and post-
reform regimes (Panel A), and, for the post-reform regime, based on whether the approval
decision was taken within the same branch as the loan application or at a higher level (Panel B).
Panel A shows, as noted earlier, that firms with credit scores below 3 appear to gain access to
credit after reform, whereas they were rationed out of the market earlier. Comparing outcomes for
firms rated 3 or better, the gradient appears steeper after the reform. For example, pre-reform the
probability of full and timely repayment rises from 63.5% to 78% as the score moves from 3 to 8;
post-reform this probability rises from 65% to 89%. Similarly, in the post-reform sample the
credit score divides risks better when the decision rights reside within the branch where the
application is first made (Panel B). For these loans, the repayment rate rises from 37% for the
riskiest loans t0100% for the safest; in contrast, for loans decided at higher levels within the bank
hierarchy, the repayment rate is much flatter, rising from 75% for riskiest loans to 100% for those
in the safest category. In fact, variation from the lowest score (1) to the mid-range scores (4), the
default probability first falls (from 75% to 64%), then begins to rise. By contrast, the risk-default
profile is monotonically increasing up to the very safe loans scored above 6 for the sample where
decisions are taken at the branch level.

Tables 6-8 reports outcome regression results (coefficients) using the same structure that
we had applied to the ex ante contract terms (Equations (1)-(3)). These models are similar in spirit
to the conclusions one might draw from the conditional means in Table 5, but they include all of
the hard information variables and interactions terms. Including these variables helps remove any
bias related to the bank’s assignment of loans to different levels within the hierarchy. In the
baseline models (Table 6), we find that the soft information measure adds incremental explanatory
power in both the simple logit and ordered logit models, meaning a higher score is associated with

better loan outcomes. The coefficient on the post-2003 interaction enters with the same sign,
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meaning that the credit score is more predictive after the reform, but this interaction term is not
statistically significant in the models with controls for hard information.

Tables 7 and 8 report models that include geographical and organizational distance, along
with their interactions with the soft-information internal credit rating. We find no evidence in
either table that geographical distance affects the link from soft information to outcomes, but very
strong evidence that organizational distance affects this link (Table 8). For example, the direct
effect of the soft information score equals 0.622 in the logit model (regression coefficient; column
3), and this effect falls to 0.442 for loans approved outside the local branch. These results indicate
that hierarchical, or organizational distance, reduces the incentive, as much as physical distance, if
not more so, to produce soft information. This makes the reform of organizational structures a top

priority (along with bank branching) for developing financial institutions in emerging economies

IV. Conclusions

In this paper we examine how banks with different organizational and incentive structures
produce and process soft information in setting both price and non-price terms of loan contracts.
We use data from China, where the banking sector has historically been dominated by large,
inefficient state-owned banks with centralized decision making processes. Following China’s
entrance to the WTO in December 2001, however, many banks, and in particular, state-owned
banks, implemented a series of reforms in 2002 with the focus on decentralization—shifting the
responsibilities of making lending decisions to individual officers working in branches that
directly process loan applications. We view these reforms as plausibly exogenous shocks from the
perspective of lending officers charged with processing soft information and contracting that

strengthens their incentive to produce accurate soft information.
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We utilize detailed (proprietary) loan-level data from a large, nationwide state-owned bank
that specify not only contract terms — interest rates and loan size — but also the physical and
organizational distance between the borrower and the lender. We find that incentives to produce
soft information affect, first, how banks use that information and, second, how well that
information forecasts loan performance. Better information, in turn, expands the supply of credit
and improves (lending) outcomes. The reform also led to more ‘conservatism’ in that loan officers
become less willing to assign higher ratings for the fear of being held liable for bad loans. We
also find evidence that organizational and physical distance makes it more difficult to produce soft
information. In particular, when the distance between the bank branch and borrower increases, or
when the loan approval decision is made at the branch above which the risk assessment is made,
the weight of the internal risk measure on loan contracts shifts toward hard information. In these
cases it also becomes a poorer predictor of loan performance.

Our results are of particular relevance for emerging economies that aim to develop their
financial institutions. Reforming organizational structures and providing more incentives for loan
officers can have significantly improve the efficiency of financial institutions. Hierarchy, or
organizational distance, on the other hand, can reduce the incentive, as much as physical distance,
to produce soft information. Given the ‘populist’ demand for tighter regulations on financial
institutions following the 2007-2009 global financial crisis, our results also call for more caution
in excessive regulations as they may destroy the incentive structure to produce high-quality soft

information, which is central in financial contracting and most business transactions.
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Appendix A:
How Are Internal Ratings (Soft information) Created? Two Case Studies

Case 1:

Company A, a state-owned company, has been in the copper industry for a long time. Facing increasingly
fierce competition, the company’s performance has been slipping since 2000: Sales and profits dropped and
losses started to pile up, and so was its leverage level. For the past few years it had delayed repayments to
several bank loans, losing its traditionally sound credit history and reputation. In 2005, Company A applies
for a new loan (for restructuring efforts) and if loan officers were to base their (internal) ratings solely on
publicly available information and the firm’s recent track record, Company A would receive a very low
rating and its application would be rejected.

The loan officers in charge of the rating, however, found out that Company B, through its holding company
and/or one of its divisions, was in negotiations to help Company A’s restructuring efforts (through the
formation of a strategic alliance). After numerous investigations and discussions with various officials from
Company A, the loan officers obtained detailed information on the proposed restructuring plan (with
Company B’s role) as well as its strategic growth plan post-restructuring. With this information (not public
and not verifiable as neither Company A or B would publicly make any announcement), along with their
own evaluation of Company A’s new products and market share, the officers adjusted their initial rating,
which helped Company A secure the new loan. Company A eventually repaid the new loan on time and
regained its reputable credit record.

Case 2:

Company C, a large textile company in its region and partially owned by the local government, has been
struggling due to weakening demand of its products. Its financial conditions also worsened and the
company seeks a new loan from the bank to secure liquidity and working capital needs. The company’s
executives lobbied various government officials to help ‘strengthen’ its relationship with the bank, as these
executives were aware that it is unlikely that they will be able to convince the loan officers of their current
credit worthiness. Given the strategic importance of the company, several officials did put in personal
efforts in trying to convince the senior officials of the bank branch that handled the loan application.

The bank branch sometimes does not have the final say in cases of approving loans from ‘risky’ or
guestionable borrowers, rather the larger branch in the state capital (higher ranked along the hierarchy
chain) does. However, since most of the interactions (e.g., loan applications and post-loan monitoring)
with borrower companies take place in smaller branches throughout the state, it is important to have the
support of government officials in the smaller cities and counties where the direct lending activities occur.
Moreover, many city and county governments have considerable budget surpluses and there is fierce
competition among all financial institutions to win over (the depository services) the ‘special’ customers.

Perhaps due to the persistent persuasions and pressure from local government officials, the loan officers in
charge of the internal risk assessment of the loan (at the local branch) assigned a favorable rating to
Company C, and this rating also helped to pave the way for the approval of the loan from the superior
branch. However, Company C’s fortune did not turn around and defaulted on the loan.
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Table 1: Summary Statistics on Loans

The sample data is from June 15, 1999 to December 31, 2006, with April 17, 2002 as the starting point
for the policy reform. Pre-reform period indicates 6/15/1999 to 4/16/2002, and Post-reform period
indicates 1/1/2004 to 12/31/2006; we drop loans originated between 4/17/2002 and 12/31/2003. Soft
information (internal) credit ratings range from 1 to 8, with a higher score indicating a borrower with
higher credit quality. Distance to the nearest potential lender is the actual distance between the firm
headquarter to the nearest branch of any lending institution in the same area.

Panel A: Firm Characteristics

Variable Pre reform period Post reform period
Number of loans 3,190 18,605
Firm Assets Max 27,100.082 119,916.746
(Million RMB) Min 1.176 1.471
Mean 338.508 745.071
Leverage Max 1 1
Min 0 0
Mean 0.54 0.48
ROA Max 0.74 0.99
Min -0.79 -0.23
Mean 0.07 0.09
Soft information Max 8 8
credit rating (1 is Min 1 1
riskiest, 8 safest) Mean 5.62 4.89
Distance to the Max 80.52 76.47
nearest potential Min 0 0
lender (Km) Mean 2.93 2.16
Firm type State-owned 690 2,066
Private 683 6,484
Others 1,817 10,055
Industry Agriculture 230 602
Manufacturing 1,303 10,670
Construction 72 415
Utility 85 679
Retailing 521 3,786

Others 979 2,453




Panel B: Loan Terms

Variable Pre reform period Post reform period
Actual interest rate Max 7.84 14.63
(%) Min 4.54 4.54
Mean 6.89 7.25
Float range (=interest Max 0.30 1.5
rate / base rate — 1) Min -0.10 -0.10
Mean 0.22 0.30
Loan size Max 300 1,500
(Million RMB) Min 0.5 0.5
Mean 5.308 7.724
Loan purpose Working capital 3,048 18,450
Fixed asset 25 17
Real estate 117 138
Panel C: Information on Hierarchy (available for the post-reform period only)
Variable Approved within the ~ Approved in higher
same branch branch
Number of loans 2,237 2,022
Firm size <=20% 378 474
20%~40% 398 456
40%~60% 432 417
60~80% 442 408
>80% 587 267




Table 2: Baseline Regressions on Loan Terms

We report OLS regression results of loan terms (interest rate and log of loan size) on soft and hard

information and interaction terms. Post, SOE, Private firms, fixed assets dummy and real estate are all

dummies, and they are defined as follows: post=1 when the loan is made after the reform (post-2003),

otherwise post = 0; SOE dummy equals 1 when the borrower is a SOE, and 0 otherwise; Private firms

dummy equals 1 when the borrower firm is privately owned, and 0 otherwise; Fixed assets dummy = 1

when the purpose of loan is for purchasing fixed assets, and 0 otherwise; Real estate assets dummy = 1

when the purpose of loan is for purchasing real estate assets, and 0 otherwise.

Dependant variable

Actual interest rate

Interest rate/base rate-1

Log loan size

) 2) 3 “ ®) (6) ) (®) (€]
Soft info (higheris  -0.013 0.009 0.000 -0.002 0.002 0.001 0.049 -0.004  -0.002
safer) (0.218) (0.368) (0.983  (0.397) (0.140) (0.713)  (0.000)  (0.604) (0.781)
Post * Soft Info -0.059 -0.054 -0.043 -0.011 -0.010 -0.008 0.056 0.025 0.023
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.003) (0.007)
Log asset -0.154  -0.084 -0.028  -0.014 0.463 0.429
(0.000)  (0.000) (0.000)  (0.000) (0.000)  (0.000)
Leverage -0.103 0.149 -0.018 0.030 0.263 0.204
(0.003) (0.121) (0.002) (0.053) (0.000)  (0.006)
ROA -0.462  -0.234 -0.072  -0.038 0.985 1.110
(0.000) (0.258) (0.000) (0.265) (0.000)  (0.000)
SOE -0.192  -0.197 -0.031  -0.032 -0.044  -0.041
(0.000)  (0.000) (0.000)  (0.000) (0.008) (0.013)
Private firm 0.088 0.087 0.017 0.017 -0.015  -0.015
(0.000)  (0.000) (0.000)  (0.000) (0.184) (0.189)
Fixed assets -0.472  -0.489 -0.103  -0.107 0.604 0.626
dummy (0.000)  (0.000) (0.000)  (0.000) (0.000)  (0.000)
Real estate dummy 0.282 0.247 0.024 0.017 0.307 0.324
(0.000)  (0.000) (0.003) (0.033) (0.000)  (0.000)
Post*log asset No No Yes No No Yes No No Yes
Post*leverage No No Yes No No Yes No No Yes
Post*ROA No No Yes No No Yes No No Yes
Industry Dummies Yes
Year Dummies Yes
City fixed effect Yes
No. of obs 19,727 19,727 19,727 19,727 19,727 19,727 21,795 21,795 21,795
R square 0.7151  0.7458 0.7467 0.7187 0.7541 0.7553  0.2018  0.5607 0.5613
F test 0.0000  0.0000  0.0000 0.0000 0.0000 0.0000  0.0000  0.0000 0.0000

P-values appear below coefficients.



Table 3: Regressions with Distance to Nearest Potential Lender

We report OLS regression results of loan terms (interest rate and log of loan size) on soft and hard
information, log of 1 plus the distance from the borrower firm to the nearest potential lender, and
interaction terms. The Post-reform dummy equals 1 when the loan is made after the reform (post-2003).

Panel A: Regression Results

Dependant variable Actual interest rate Interest rate/base rate-1 Log loan size
(M 2) G3) “4) ) (6) (7 () )
Soft info (higher is safer) -0.018 0.003 -0.005 -0.002 0.002 0.000 0.051 0.000 0.006
(0.102)  (0.741)  (0.632) (0.259) (0.306)  (0.999) (0.000) (0.959)  (0.483)
Post * Soft Info -0.060 -0.055 -0.043 -0.011 -0.010 -0.008 0.056 0.024 0.021
(0.000)  (0.000)  (0.000)  (0.000) (0.000) (0.000) (0.000) (0.004) (0.015)
Log(1+Min Distance) * Soft ~ 0.010 0.011 0.008 0.001 0.001 0.001 -0.003 -0.007 -0.012
Info (0.008)  (0.001) (0.028) (0.048) (0.010) (0.127)  (0.465) (0.036)  (0.001)
Log(1+Min Distance) -0.018 -0.039 -0.089 -0.001 -0.004 -0.003 0.007 0.059 -0.475
(0.368)  (0.037) (0.246) (0.873) (0.160)  (0.786)  (0.767)  (0.001)  (0.000)
Log asset -0.154 -0.086 -0.028 -0.014 0.464 0.414
(0.000)  (0.000) (0.000)  (0.000) (0.000)  (0.000)
Leverage -0.106 0.183 -0.018 0.036 0.263 0.119
(0.002)  (0.061) (0.002)  (0.025) (0.000)  (0.126)
ROA -0.471 -0.299 -0.074 -0.054 0.980 0.995
(0.000)  (0.155) (0.000)  (0.117) (0.000)  (0.000)
SOE -0.190 -0.197 -0.031 -0.032 -0.041 -0.036
(0.000)  (0.000) (0.000)  (0.000) (0.012)  (0.029)
Private firm 0.087 0.088 0.017 0.017 -0.016 -0.018
(0.000)  (0.000) (0.000)  (0.000) (0.164)  (0.127)
Fixed assets dummy -0.470 -0.485 -0.103 -0.106 0.603 0.625
(0.000)  (0.000) (0.000)  (0.000) (0.000)  (0.000)
Real estate assets dummy 0.285 0.247 0.024 0.017 0.310 0.337
(0.000)  (0.000) (0.002)  (0.035) (0.000)  (0.000)
Post*log asset No No Yes No No Yes No No Yes
Post*leverage No No Yes No No Yes No No Yes
Post*ROA No No Yes No No Yes No No Yes
Log(1+mindist)*logasset No No Yes No No Yes No No Yes
Log(1+mindist)*leverage No No Yes No No Yes No No Yes
Log(1+mindist)*ROA No No Yes No No Yes No No Yes
Industries Dummies Yes
Year Dummies Yes
City fixed effect Yes
No. of obs 19,727 19,727 19,727 19,727 19,727 19,727 21,795 21,795 21,795
R square 0.7156  0.7461  0.7471 0.7192  0.7543  0.7557  0.2019  0.5612  0.5632
F test 0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000

P-values appear below coefficients.



Panel B: Economic Significance

Change in interest (%) Change in Float range Change in Log loan size

Okm 2.27km Okm 2.27km Okm 2.27km

Increase Soft Pre Post Pre Post Pre Post Pre Post Pre Post Pre Post
Info. Index  -0.020 -0.192 0.018 -0.154 0.000 -0.032 0.005 -0.027 0.024 0.108 -0.033 0.051
by 4 Notches

Table 3, Panel B reports the change in the dependent variable for a four-notch increase in the soft
information index (from the 25™ to the 75" percentile), and compares these effects in the pre vs.
post-reform eras and for firms close to vs. further away from the nearest potential lender. 2.27km is the
mean of the nearest distance (from the borrower firm to the nearest potential lender) in the whole
sample.



Table 4: Regressions with Organizational Distance and Physical Distance (post-reform subsample)

We report OLS regression results of loan terms (interest rate and log of loan size) on soft and hard information, log

of 1 plus the distance from the borrower firm to the nearest potential lender, organizational (hierarchy) distance,

and interaction terms. Higher-level branch dummy equals 0 when the loan is approved by the branch where

internal rate was calculated, and it equals 1 when the loan is approved by an upper-level branch.

Panel A: Regression Results

Dependant variable Actual interest rate

Interest rate/base rate-1

Log loan size

©) 2 3) “ ©) (6 (M ®) (€]
Soft info (higher is safer) -0.168 -0.156 -0.152 -0.026 -0.024 -0.023 0.135 0.030 0.045
(0.000)  (0.000)  (0.000) (0.000) (0.000) (0.000) (0.000) (0.010)  (0.000)
Higher-level branch * Soft 0.067 0.062 0.057 0.008 0.007 0.006 -0.042 -0.033 -0.042
Info (0.000)  (0.000)  (0.000) (0.000) (0.002) (0.015) (0.038) (0.032) (0.012)
Higher-level branch -0.039 -0.049 0.353 0.014 0.012 0.071 0.189 0.281 -0.209
indicator (0.627)  (0.523) (0.196) (0.271)  (0.311)  (0.102)  (0.109)  (0.002)  (0.507)
Log(1+Min Distance) * 0.011 0.024 0.022 0.001 0.003 0.003 0.042 0.005 -0.013
Soft Info (0.133)  (0.001) (0.005) (0.362) (0.002) (0.011) (0.000) (0.492) (0.148)
Log(1+Min Distance) -0.024 -0.095 -0.353 0.000 -0.012 -0.053 -0.153 0.037 -0.788
(0.555)  (0.015) (0.010) (0.985) (0.047) (0.017) (0.011) (0.419)  (0.000)
Log asset -0.103 -0.099 -0.019 -0.019 0.477 0.438
(0.000)  (0.000) (0.000)  (0.000) (0.000)  (0.000)
Leverage -0.198 -0.346 -0.029 -0.055 0.326 0.144
(0.003)  (0.000) (0.006)  (0.000) (0.000)  (0.184)
ROA -0.019 -0.506 -0.023 -0.109 0.679 0.163
(0.896)  (0.026) (0.314)  (0.003) (0.000)  (0.533)
SOE -0.250 -0.244 -0.033 -0.032 -0.102 -0.104
(0.000)  (0.000) (0.000)  (0.000) (0.026)  (0.023)
Private firm 0.106 0.100 0.020 0.019 0.004 -0.001
(0.000)  (0.000) (0.000)  (0.000) (0.869)  (0.952)
Fixed assets dummy -0.365 -0.302 -0.100 -0.090 0.433 0.424
(0.370)  (0.458) (0.125)  (0.167) (0.358)  (0.366)
Real estate assets dummy -0.386 -0.348 -0.039 -0.033 -0.587 -0.581
(0.065)  (0.096) (0.244)  (0.326) (0.016)  (0.016)
Layer Dummy*log asset No No Yes No No Yes No No Yes
Layer Dummy*leverage No No Yes No No Yes No No Yes
Layer Dummy*ROA No No Yes No No Yes No No Yes
Log(1+mindist)*logasset No No Yes No No Yes No No Yes
Log(1+mindist)*leverage No No Yes No No Yes No No Yes
Log(1+mindist)*ROA No No Yes No No Yes No No Yes
Industries Dummies Yes
Year Dummies Yes
City fixed effect Yes
No. of obs 4,259 4,259 4,259 4,259 4,259 4,259 4,259 4,259 4,259
R square 0.7031 0.7272  0.7287  0.7094  0.7371 0.7386  0.2050  0.5502  0.5557
F test 0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000

P-values appear below coefficients.



Panel B: Economic Significance

Change in interest rate (%) Change in float range Change in Log Loan size
Higher level Higher level Higher level Higher level Higher level Higher level
branch =0 branch = 1 branch =0 branch = 1 branch =0 branch = 1
Increase Soft Okm  227km Okm 227km Okm 2.27km Okm 2.27km Okm  2.27km Okm 2.27km
Info.index  -0.608 -0.504 -0.380 -0.276 -0.092 -0.078 -0.068 -0.054 0.180 0.118 0.012 -0.050

by 4 Notches

Table 4, Panel B reports the change in the dependent variable for a four-notch increase in the soft
information index (from the 25" to the 75" percentile), and compares these effects (during the
post-reform era) for firms close to vs. further away from the nearest potential lender, and for loans
approved in the same branch where the soft information rating is created and those approved in an
upper-level branch. 2.27km is the mean of the nearest distance (from the borrower firm to the nearest
potential lender) in the whole sample.2.27km is the mean of the nearest distance in the whole sample



Table 5: Summary Statistics on Loan Performance

Panel A: Performance for the whole sample

Time period

Pre reform period (pre-2003)

Post reform period (Post-2003)

Soft-info credit rating

2

3 4 5 6 7

8 1 2 3 4 5 6 7 8
Didn’t 0.0% 00% 2.0% 0.0% 00% 05% 02% 2.9% 05% 05% 1.0% 13% 06% 12% 1.9% 0.0%
repay

Breachof  Partially 0.0%  0.0% 0.0% 0.0% 0.0% 03% 0.0% 0.0% 02% 04% 04% 05% 02% 02% 0.1% 0.0%

contract repay
Pay off 83.3% 0.0% 34.5% 40.6% 46.7% 42.6% 262% 19.0% | 42.6% 458% 33.6% 27.6% 19.9% 94% 102% 10.7%
late
Performance  Payoff 16.7% 0.0% 63.5% 59.4% 533% 56.6% 73.6% 78.2% | 56.8% 532% 65.1% 70.7% 79.3% 89.2% 87.7% 89.3%
of contracts ~ on time
Total (100%) 6 0 510 495 240 744 810 385 1,510 954 1,886 1,244 5374 3474 4,041 122
Panel B: Performance for the post reform sub-sample

Higher branch indicator 0 (approved within the same branch) 1 (approved in a higher branch)

Soft-info credit rating 1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Didn’t 0.0% 00% 18% 0.8% 00% 04% 0.2% 0.0% 00% 0.0% 14% 00% 0.0% 02% 0.6% 0.0%
repay

Breachof  Partially 1.0% 1.1% 3.5% 1.6% 02% 02% 02% 0.0% 00% 0.0% 07% 00% 09% 03% 0.0% 0.0%

contract repay

Pay off 62.4% 46.0% 27.6% 18.5% 9.0% 44% 6.4% 0.0% | 25.0% 323% 34.0% 21.8% 195% 82%  2.9% 0.0%
late
Performance  Payoff 36.6% 52.9% 67.1% 79.1% 90.8% 95.0% 93.2% 100.0% | 75.0% 67.7% 63.9% 782% 79.7% 91.3% 96.5% 100.0%
of contracts on time
Total (100%) 101 87 170 249 556 544 512 18 28 62 147 147 467 634 518 19




Table 6: Baseline Regressions on Loan Performance

We report Logit and Ordered Logit regression results (coefficients) of loan performance outcomes on soft

and hard information, log of 1 plus the distance from the borrower firm to the nearest potential lender,

and interaction terms. In the Logit models (columns 1-3), the dependent variable equals 1 if a loan is paid

in full at the maturity date, and 0 otherwise; in the Ordered Logit models (columns 4-6), the dependent

variable equals 0 when a loan makes no payment one year after the loan maturity date, equals 1 when it

makes partial payment one year after maturity, equals 2 when it makes full payment one year after
maturity and 3 when it makes full payment on the loan maturity date.

Logit Models Ordered Logit Models
1) (2) 3) “4) (5) (6)
Soft info (higher is 0.193 0.161 0.177 0.185 0.153 0.170
safer) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Post * Soft Information 0.076 0.045 0.017 0.075 0.046 0.018
(0.005) (0.107) (0.545) (0.005) (0.089) (0.515)
Log asset 0.175 0.101 0.169 0.100
(0.000) (0.000) (0.000) (0.000)
Leverage -0.311 -0.298 -0.295 -0.314
(0.008) (0.196) (0.010) (0.165)
ROA 3.786 0.933 3.627 0.873
(0.000) (0.076) (0.000) (0.091)
SOE 0.213 0.202 0.199 0.188
(0.000) (0.000) (0.000) (0.001)
Private firm 0.149 0.136 0.149 0.136
(0.000) (0.001) (0.000) (0.001)
Fixed assets dummy 0.540 0.545 0.536 0.538
(0.158) (0.154) (0.157) (0.156)
Real estate assets -0.219 -0.207 -0.224 -0.211
dummy (0.146) (0.170) (0.130) (0.155)
Post*log asset No No Yes No No Yes
Post*leverage No No Yes No No Yes
Post*ROA No No Yes No No Yes
Industries Dummies Yes
Year Dummies Yes
City dummies Yes
No. of obs 21,795 21,795 21,795 21,795 21,795 21,795
X test 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

P-values appear below coefficients.



Table 7: Regressions of Loan Performance with Distance to Nearest Potential Lender
We report Logit and Ordered Logit regression coefficients of loan performance outcomes on soft and hard
information, log of 1 plus the distance from the borrower firm to the nearest potential lender, and interaction terms.
In the Logit models (columns 1-3), the dependent variable equals 1 if a loan is paid in full at the maturity date, and
0 otherwise; in the Ordered Logit models (columns 4-6), the dependent variable equals 0 when a loan makes no
payment one year after the loan maturity date, equals 1 when it makes partial payment, equals 2 when it makes full
payment one year after the loan maturity date, and 3 when it makes full payment on the loan maturity date.

Logit Models Ordered Logit Models
) 2 3 4 &) (6
Soft info (higher is safer) 0.191 0.160 0.179 0.183 0.151 0.171
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Post * Soft Info 0.076 0.044 0.017 0.075 0.046 0.018
(0.005) (0.112) (0.545) (0.005) (0.092) (0.511)
Soft Info * Log(1+Min Distance) 0.002 0.002 -0.005 0.004 0.004 -0.003
(0.825) (0.833) (0.695) (0.693) (0.699) (0.783)
Log(1+Min Distance) 0.012 0.024 -1.182 0.000 0.011 -1.173
(0.831) (0.675) (0.000) (1.000) (0.838) (0.000)
Log asset 0.175 0.065 0.169 0.065
(0.000) (0.018) (0.000) (0.016)
Leverage -0.315 -0.334 -0.299 -0.358
(0.007) (0.168) (0.010) (0.133)
ROA 3.786 0.614 3.627 0.553
(0.000) (0.268) (0.000) (0.310)
SOE 0.219 0.207 0.204 0.193
(0.000) (0.000) (0.000) (0.000)
Private firm 0.148 0.135 0.148 0.135
(0.001) (0.002) (0.000) (0.001)
Fixed assets dummy 0.539 0.547 0.536 0.539
(0.158) (0.152) (0.157) (0.155)
Real estate assets dummy -0.213 -0.188 -0.219 -0.195
(0.158) (0.212) (0.140) (0.189)
Post*log asset No No Yes No No Yes
Post*leverage No No Yes No No Yes
Post*ROA No No Yes No No Yes
Log(1+mindist)*logasset No No Yes No No Yes
Log(1+mindist)*leverage No No Yes No No Yes
Log(1+mindist)*ROA No No Yes No No Yes
Log(1+mindist)*log loan size No No No No No No
Industries Dummies Yes
Year Dummies Yes
City dummies Yes
No. of obs 21,795 21,795 21,795 21,795 21,795 21,795
X test 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

P-values appear below coefficients.



Table 8: Regressions of Loan Performance with Physical and Organizational Distance
We report Logit and Ordered Logit regression results (coefficients) of loan performance outcomes on soft and hard information,
log of 1 plus the distance from the borrower firm to the nearest potential lender, organizational (hierarchy) distance, and
interaction terms. Higher-level branch dummy equals 0 when the loan is approved by the branch where internal rate was
calculated, and it equals 1 when the loan is approved by an upper-level branch. In the Logit models (columns 1-3), the dependent
variable equals 1 if a loan is paid in full at the maturity date, and 0 otherwise; in the Ordered Logit models (columns 4-6), the
dependent variable equals 0 when a loan makes no payment one year after the loan maturity date, equals 1 when it makes partial
payment, equals 2 when it makes full payment one year after the loan maturity date, and 3 when it makes full payment on the

loan maturity date.

Logit Models Ordered Logit Models
) 2 3) “4) ) 6
Soft info (higher is safer) 0.732 0.594 0.622 0.689 0.552 0.584
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Higher-level branch * Soft Info -0.175 -0.151 -0.180 -0.146 -0.120 -0.163
(0.014) (0.043) (0.027) (0.031) (0.087) (0.037)
Higher-level branch indicator 0.967 0.881 -1.401 0.820 0.715 -1.610
(0.012) (0.028) (0.387) (0.024) (0.058) (0.300)
Log(1+Min Distance) * Soft 0.030 0.043 0.016 0.025 0.031 0.007
Info (0.393) (0.253) (0.704) (0.459) (0.377) (0.872)
Log(1+Min Distance) -0.147 -0.228 -2.133 -0.119 -0.160 -1.773
(0.409) (0.244) (0.019) (0.488) (0.380) (0.037)
Log asset 0.348 0.236 0.325 0.219
(0.000) (0.000) (0.000) (0.000)
Leverage 0.304 0.250 0.354 0.318
(0.397) (0.618) (0.311) (0.514)
ROA 7.493 6.141 7.114 5.899
(0.000) (0.000) (0.000) (0.000)
SOE 0.135 0.115 0.191 0.175
(0.509) (0.578) (0.336) (0.380)
Private 0.056 0.051 0.052 0.053
(0.636) (0.667) (0.655) (0.647)
Fixed asset dummy -2.979 -3.058 -2.740 -2.822
(0.054) (0.049) (0.060) (0.054)
Layer Dummy*log asset No No Yes No No Yes
Layer Dummy*leverage No No Yes No No Yes
Layer Dummy*ROA No No Yes No No Yes
Log(1+mindist)*logasset No No Yes No No Yes
Log(1+mindist)*leverage No No Yes No No Yes
Log(1+mindist)*ROA No No Yes No No Yes
Industries Dummies Yes
Year Dummies Yes
City fixed effect Yes
No. of obs 4,126 4,118 4,118 4,126 4,118 4,118
X test 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

P-values appear below coefficients.



Figure 1 (Regulated) Interest Rate Movements

Below is the timeline of changes in regulations on loan interest rates (base rates and upper and lower bounds) from June 10, 1999 to
December 31, 2005 in China. Floating band indicates the range in which interest rates can fluctuate (e.g., set by lenders) from the
base rate: for example, a floating band [90%, 130%] means that the lowest possible rate is 90% of the base rate while the highest rate
is 130% of the base rate. Base rates are time varying (regulation changes) and depend on loan maturities.

Source: People’s Bank of China, Almanac of China’s Finance and Banking (2000-2008)

June 10, 1999, February 21, 2002:
Floating band: Base interest rate
[90%, 130%)] drops; floating band:

[90%, 130%]

January 1, 2004: Base October 29, 2004:
interest rate remains constant Base interest rate rises;
(from previous period); floating band: [90%, 230%)]

floating band: [90%, 170%]



Histogram of actual ratings during pre-2003 (pre-reform) period Histogram of actual ratings during post-2003 (after reform) period
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Figure 2, Panel A: Distributions of Actual Internal Ratings

In Panel A of Figure 2 we plot the histograms of actual internal ratings on loans during the pre-2003 (before reform, top figure) and post-2003 (after reform, bottom
figure) periods. There are 3,190 loans in the pre-2003 sample and 18,605 loans in the post-2003 sample. Internal ratings range from 1 to 8; higher ratings indicating
higher credit quality.



Histogram of actual ratings during the pre-reform (pre-2003) period Histogram of predicted ratings during pre-reform period
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Figure 2, Panel B: Comparing the Dist. of Actual vs. Predicted Ratings in the Pre-2003 Period

In Panel B of Figure 2 we plot the histograms of actual internal ratings during the pre-2003 period (top figure) and the distribution of predicted ratings during the
same period (bottom figure). Internal ratings range from 1 to 8; higher ratings indicating higher credit quality.

In order to obtain predicted ratings, we first run the following regression on the post-reform period:

Rating = b0 + b1*log(asset) + b2*leverage + b3*ROA + b4*SOE + b5*private + b6*log(1+min.dist.) + Industry dummies + City dummies + error term.

We then use the pre-reform (hard) information on a loan and regression coefficients to obtain the predicted rating for the loan (all the predicted values are adjusted
to the nearest integer).




