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ACCOUNTING FOR CRISES

Abstract

We provide one of the first tests of recent macro global-game crisis models that show that the precision
of public signals can coordinate crises (e.g. Angeletos and Werning 2006; Morris and Shin 2002, 2003).
In these models, self-fulfilling crises (independent of fundamentals) can occur only when publicly
disclosed fundamental signals have high precision; fundamentals are thus the sole driver of crises in
low-precision settings. We affirm this proposition on 39 currency crises by exploiting a key publicly
disclosed fundamental driving financial markets, namely accounting data. We find that fundamental
accounting signals are stronger in-sample predictors of crises in low-precision countries.



ACCOUNTING FOR CRISES

I. Introduction

A key question in international economics, explored in a series of recent crisis models such as
Angeletos and Werning (2006), Angeletos et al. (2006), Angeletos et al. (2007), Rey (2000), Atkeson
(2000), Morris and Shin (2002), and Morris and Shin (2003), is whether economic fundamentals or
speculators’ self-fulfilling beliefs drive crises. While diverse in their settings and modeling approaches,
the models all point to the precision of public information as the key driver. If public information is
precise enough relative to speculators’ private beliefs, it can coordinate multiple self-fulfilling
speculator beliefs largely independent of economic fundamentals. The belief coordination role of public
signals in crisis models is a stark departure from neoclassical asset pricing models, where high precision
signals can only tighten the link between fundamentals and prices, not weaken them. Yet, this central
and robust role of public signals in the analytical crisis models has received scant empirical attention,
perhaps due to the difficulty in finding a public signal that institutionally comports with the crisis
models and whose precision is measurable. This paper argues that accounting data provide such a signal
and uses accounting data to test the central result of recent crisis models.

All the crises models above share three basic steps (see Figure 1): first, the initial fundamentals are
realized. Next, the speculators coordinate (the market is too large for any individual speculator) over an
action such as interim financing or withdrawing capital. This coordinated action in conjunction with the
initially realized fundamental has a real effect on the underlying asset’s value. In the final step, this new

value translates into asset price.*

! As any observer of the recent Wall Street turmoil will immediately recognize, both speculator beliefs about fundamentals
and speculator beliefs about other speculators’ willingness to supply interim financing play a key role in asset valuations
(Mollenkamp et al. 2008).
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The main point of these crisis models is that speculators’ beliefs about each other in the second step
can be self-fulfilling, especially when public signals have high precision, thus divorcing the final value
of the asset from its initial fundamental realization. For example, suppose each speculator is unsure of
the measure of speculators it takes to unravel a currency. An accurate public signal released in the
financial markets says that this measure is 30%. This 30% is thus the initial fundamental strength of the
currency. If every speculator believes every other speculator will attack (i.e., withdraw capital),
everyone will attack. The currency will then fall, for the measure of attackers is 100%, which exceeds
30%. On the other hand, if every speculator believes that no one will attack, a small individual attack
only wastes that speculator’s money. No one will attack and the currency will stand. The accurate
public signal thus supports two self-fulfilling equilibria over its realization range (0%, 100%), i.e., any
realization of the initial fundamentals in this range can lead to either of the attack or no-attack outcome.

The above example assumes that the public signal is precise. If this is not the case, the crisis models
we test show that speculators will weigh their private information more heavily. Because this private
information varies across speculators, each speculator is unsure what the other speculators are thinking.
Each individual speculator is then more fearful of losing money in an unsuccessful uncoordinated attack.
In such settings, poor initial fundamentals become the main point of coordination and thus the main
driver of crises.

In this paper, we test this key comparative static of the crisis models described above using
accounting data. Specifically, we argue that realized accounting data should more strongly predict
currency crises in countries where the accounting data are less precise. We use accounting data for
several reasons. First, public corporations’ accounting data are a key source of public information on
assets traded in a country’s financial markets. Second, the accounting literature has extensively

examined the notion of accounting quality, or the precision with which accounting measures reflect
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economic reality. In particular, this literature argues that there is considerable variation in the precision
of accounting information across countries, due to variation in legal, enforcement, and rule-making
institutions (La Porta et al. 1998; Ball et al. 2000). Such institutional variation is essential to our
empirics. More important, these precision measures capture the noise in the accounting signals. By
contrast, the variance of alternative public signals such as stock prices is the sum of the fundamental
variance and the noise variance. Additionally, price signals that are the outputs of financial market
trading are themselves subject to multiplicity and excess volatility (Angeletos and Werning 2006),
confounding empirical estimation. Accounting data, by contrast, are inputs into the financial markets
and bypass this problem. Finally, our proxy for accounting data quality measures public signal precision
relative to private signal precision, as required by the crises models.

Our setting comprises 39 currency crises in 21 countries from 1981 to 2005. Using prior literature,
we construct a composite score of accounting precision for each country (based on all its firms). We use
this composite score to split the countries into two groups: high-precision and low-precision. Our
birfurcation of the sample follows Angeletos and Werning (2006, Figure 1) who show that the switch
from uniqueness to self-fulfilling equilibria is not gradual as the public signal precision increases, but
occurs suddenly at a precision threshold.

We then aggregate all the firms in each country every year to yield three annual country-based
measures of realized performance: earnings, accounting accruals (accounting adjustments to cash flows
to yield earnings), and volatility of earnings. We test the in-sample power of these measures to predict
crises.

Graphical analyses (Figure 2) are consistent with our predictions. Figure 2 indicates that the realized
performance measures are relevant to crises: relative to tranquil years, they are quite choppy around the

crises onset years, especially for low precision countries. Further, the confidence intervals of realized
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performance measures around crises are much larger in low precision countries. However, despite their
noise, we find that public signals have the power to predict crises in low-precision countries.

Specifically, we test the in-sample power of realized accounting performance measures to predict
crises. We control for a rich list of other leading indicators as well as country fixed effects and
contemporaneous cross-sectional shocks (contagion). In the overall sample, the inclusion of accounting
measures significantly improves our in-sample ability to predict crisis one year in advance: the
explanatory power increases from 0.245 to 0.283, a 15 percent increase. Much of the predictive power
arises from accruals (i.e. accounting adjustments to cash flows). This is a particularly interesting result,
for it shows that the application of accounting rules to measure firm operations is what generates critical
asset-pricing information.

More important, we show that most of the predictive improvement comes from the sub-sample of
countries with low accounting precision. The F-statistic for the realized accounting performance
measures one year prior to crises is 14.17 in low precision countries, but 1.31 for the high precision
countries. By contrast, when we examine accounting data one year after the crisis onset year, we find
that both low precision and high precision accounting countries show significance: the F-stats are now
17.67 and 26.62 respectively. So accounting data in high precision countries do appear to reflect the
consequences of a crisis; they just don’t have ex ante predictive power. We then conduct a series of
comparative statics involving institutions, the nature of the crises, the specific precision thresholds, and
specific industry sectors. Our main results continue to hold in all these tests.

Our findings make three contributions to the literature. First, we empirically validate a key
prediction of recent crisis models, namely that fundamentals are more important than self-fulfilling
beliefs in precipitating crises when fundamentals have low precision. Second, and perhaps more

important, it is difficult to test self-fulfilling beliefs directly: one can only show that fundamentals don’t
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matter. But then, it is not clear if the result is due to self-fulfilling beliefs or lack of statistical power.
By showing settings where fundamentals matter as well as settings where they don’t, our study
overcomes this objection. Finally, our very use of accounting data is an innovation in empirical crises
studies, which have typically used macro, institutional, and trade factors to predict crises (Martin and
Rey 2006; Raincere et al. 2008). Our results indicate that accounting data offer significant incremental
power beyond these factors to predict crises.

Section Il places our research question in the context of prior literature. Section Il describes our
data and our empirical constructs. Section IV presents the main results. Section V tests the robustness

of our results. Section VI concludes.

1. Background
Perhaps the simplest way to frame the crises literature is to use equations from undergraduate macro

(e.g., Mankiw 2003, Ch. 13),

(+) =) (+)
Y=C(Y)+I(r)+G+NX(¢&) 1)
M SR )
5 =L(i.Y) where i=r+x, )
(+) (+)
NX (&) =CF(r*—r). 3)

The three endogenous variables are the domestic GDP Y, the domestic real interest rate r (the
nominal interest rate i is simply the inflation adjusted version), and the exchange rate ¢ (the price of
foreign currency). Equation (1) states that the GDP is simply consumption plus investment plus
government expenditure plus net exports. Investment declines when the cost of borrowing is high. Net
exports follow the Marshall-Lerner conditions and increase when the domestic currency is cheaper.

Equation (2) says that the supply of real money equals money demand L. People demand more money
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when the GDP is high and less money when the opportunity costs or the interest rates are high. The
supply of money M is set by monetary policy. Equation (3) is simply an accounting identity: any
imbalance in the trade of goods has to be balanced with an 10U or capital flows. CF is capital outflows
from the domestic country, which is more likely if the foreign interest rate r* is high.

This simple model illustrates many well-known features of international economics. The
government cannot use M to control two endogenous variables, i and & simultaneously, unless it is
willing to restrict the CF function. This is the famous international policy trilemma. Purchasing power
parity is simply a specific structure of the NX function (high elasticity around € = 1), while the open
interest parity requirement imposes similar restrictions on the shape of the CF function.

More broadly, the key implication of this model for our paper is that any explanation of exchange
rate (including its sudden drop) has to be grounded in issues such as monetary policy, trade, and capital
flows. This is precisely the route that the prior literature has taken. Krugman shows how rational
speculators in fixed exchange economies foresee the drop in foreign exchange component of the
monetary reserves M, and drive the currency down via capital flows CF. Empirical tests of earlier crises
(e.g., Blanco and Garber [1986]) supported this theory, but later crises appeared to less influenced by
factors such as reserves (equation (2)), and driven more by activities in the financial markets supporting
productive activities in the economy (equations (1) and (3)).

The search for other factors led Obstfeld (see his 1996 summary) to model crises as arising from
speculators’ self-fulfilling beliefs. He modeled a financial market where each speculator is too small to
affect the currency. But if speculators collectively coordinate and withdraw sufficient capital from a
country, its currency will collapse. Consequently, if a country’s fundamentals are moderately strong,

but a large measure of speculators is pessimistic, these speculators’ beliefs by themselves can precipitate



a crisis. Obstfeld’s study generated a large spate of models (see Fourcans and Franck’s [2003] excellent
survey).

Identifying speculators’ beliefs in the data, however, proved to be hard. Jeanne (1997) and Jeanne
and Masson (2000) used non-linear empirical tests with Markov switching to identify these beliefs in the
devaluation of the French franc in 1987. Markov switching is a maximum likelihood estimator that
spots large shifts (the switch) in the time-series of the franc exchange rate. Because these switches are
unrelated to the already controlled-for fundamentals, they can potentially represent self-fulfilling beliefs.
But the concern with such tests is that the inability of the fundamentals to predict crises could arise from
low statistical power and not from self-fulfilling beliefs. The ease of achieving multiple-equilibria
analytically and the difficulty in spotting them empirically led Angeletos and Werning (2006) to label
economists’ relation to multiple equilibria as ‘love hate’.

Summarizing the state of affairs, Obstfeld (1996) called for more explicit modeling of the
interaction between fundamentals and speculator beliefs. This next step was undertaken by Morris and
Shin (1998). They showed that even if each speculator has an epsilon amount of private information
available, each speculator becomes unsure of other speculators’ private information and whether they
will participate in an attack. This uncertainty is key because speculators lose money if they are not in
sufficient numbers. As a result, speculator coordination necessary for self-fulfilling beliefs does not
obtain: poor fundamentals then remain the key driver of crises.

Atkeson (2000) and Rey (2000) (as well as Morris and Shin [2002, 2003]) pointed out that the key
driver of Morris and Shin’s result was not the precision of the speculators’ private information per se,
but its strength relative to public information. If the public information were precise enough, it would
provide a coordinating point for speculators to coordinate their attack even if the currency were

moderately strong (see Section | of this paper for a numerical example). In particular, Atkeson (2000)
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pointed out that such public information could arise from trades among privately informed speculators.
Angeletos and Werning (2006), Angeletos et al. (2006), and Angeletos et al. (2007) flesh out this
intuition by endogenizing various aspects of the trading model, namely dividends, price, payoffs, etc.
More important, they also endogenize the policy response to the crisis. Their main conclusion is that,
despite such endogeneity, there is a range of realized fundamentals where endogenous public
information is sufficiently precise relative to speculators’ diverse private information to trigger
speculator coordination and self-fulfilling beliefs. Consequently, fundamentals cannot predict crises in
these ranges because self-fulfilling belief triggers can occur over the entire range (note that these belief
triggers are not guaranteed at any specific point in this range, only their possibility is).

This is a stark departure from traditional asset pricing models where high precision signals tighten
the link between realized fundamentals and prices. Why the departure then? The key assumption in the
crisis models is that the eventual price depends on the initially realized fundamental and a coordinated
activity (such as interim financing) by all speculators. This coordinated activity --- and coordination is
necessary because the market is too large for any individual agent --- can affect the asset’s ability to
generate cash flows and thus its eventual price. Agents therefore use public information not just as a
signal to uncover the underlying fundamental but also as an important strategic tool to form higher order
beliefs of others’ actions. It is this strategic role of public information that generates information
externality that leads to self-fulfilling beliefs.

On the other hand, if public information is relatively imprecise, i.e., below a certain precision
threshold, speculators cannot coordinate on their beliefs (they pay too much attention to their own

diverse private information and ignore the common public information).? As a result, crises happen only

2 Of course, if speculators’ private information is completely precise, everyone knows that everyone else receives the same
signal realization. This situation is equivalent to a precise public signal, and we are back to multiplicity (see Angeletos and
Werning 2006).
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when fundamentals are weak enough for a sufficiently large mass of speculators to feel confident that
they will profit in attacking the currency: poor fundamentals are thus the sole determinant of crises.
These features are all especially salient in international financial markets where traders are small
relative to the market and their collective supply of ongoing interim capital financing is key to survival.
When international traders withdraw capital from a country’s financial market, a currency crisis ensues.
Consequently, if we assume a) that variation of the absolute precision of the public information across
countries reflects variation of precision of public information relative to private information, b) that we
can use the data to nominate the precision threshold necessary for self-fulfilling beliefs to be feasible,
and c) that countries where self-fulfilling beliefs can occur do experience such events (i.e., multiplicities

are empirically realized), we have:

Hypothesis: Realized public disclosures of fundamentals should predict currency crises more strongly

in the subsample of countries where these disclosures have low precision.

Accounting data form a natural setting for testing this prediction, for several reasons. Accounting
data are a key publicly disclosed fundamental not just in debt and equity markets, but also for bank loans
(Dichev and Skinner 2002). Accounting information’s relevance to bank loans is especially important
because banks are an important financing vehicle in many countries.

Second, the use of accounting data in the pricing of securities and loans has prompted extensive
accounting research on the notion of accounting precision. This research also explores the causes and
the consequences of variation in accounting precision across countries (Section Il has the details). We

exploit this institutionally driven variation for our purposes.
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Third, we can measure the variance of the noise in the accounting signal. By contrast, the variance
in other public fundamentals such as prices that arise from trading in asset markets incorporates both
fundamental variance and noise variance. Further, prices are subject to multiplicity and excess volatility
(Angeletos and Werning 2006), making it difficult for the empirical researcher to uncover the
underlying precision of the public information from realized values. In many instances, the assets may
not be traded sufficiently often to yield a liquid price (Greenlaw et al. 2008). Accounting data
circumvent these problems because they are inputs into the financial markets.

Fourth, the notion of precision of public information in the crises models we study is defined relative
to the speculator’s private information. Our measure of accounting precision captures this concept.
Numerous empirical studies have shown that higher quality accounting information is associated with
reduced bid ask spreads and less privately informed trading (Leuz and Verrecchia 2000; Daske et al.
2008).2 These findings suggest that higher precision in the public accounting information also reduces
the precision of the private information among agents. Thus, empirical proxies of accounting precision
used in our study represent the relative precision of public information over private information as in
Angeletos and Werning (2006).

Despite these advantages, there has been no attempt in the early warnings literature (at least to our
knowledge) to use accounting information to predict currency crises.* Instead, prior literature has
primarily focused on macro measures to predict crises. For example, Ranciere et al. (2008) and Martin
and Rey (2006) show that countries with high growth skewness and high trading costs are more likely to
suffer crises. We include country indicators to account for such across-country variations. That is, our

tests are timing tests that operate on a within-country model. In addition, we also conduct our analyses

® For example, Daske et al. (2008) show that when countries shift to a higher quality financial reporting regime, both bid-ask

spreads and trading costs of the firms in the country decline by 12 basis points.

* Swanson et al. (2003) study the information content of accounting figures following the 1994 Mexican currency devaluation.
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using only the tradable sectors. Finally, Yuan (2005), among others, shows that correlation across
equity markets can propel crises (contagion). We use cross-sectionally correlated errors to account for

contagion.

I11. Data and Variable Definitions
I11.LA  Currency Crises and Financial Data

Since our goal is to predict in-sample crises, we limit ourselves to countries that have had crises.
Given the financial market setting of our analytical models, what currency crises are empirically best
suited to analyze our hypotheses? While crises are heterogeneous, the financial markets are typically an
important contributing factor (Kaminsky and Reinhart 1999, Reinhart and Rogoff 2008). We therefore
use all the crises as our sample, and then conduct sensitivity analyses over specific crises subsets.

Kaminsky and Reinhart (1999) define currency crisis as an event of a steep decrease in exchange
rates and/or reserves. They provide an extensive list of crisis events (Kaminsky and Reinhart 1999,
Table 11), which Caprio et al. (2005) and Kaminsky (2003) subsequently update. We define the crisis
onset year as the year a crisis started in the Kaminsky (2003) and Caprio et al. (2005) datasets. This
procedure yields 68 crises episodes from 21 different countries as shown in Table 1.

Table | classifies the different types of crises based on Kaminsky (2003, Table 1V). Table I shows
that 78 percent of the crises events can be classified as either financial excess or sovereign debt. These
types of crises typically arise from financial illiquidity problems following a period of high
expansionary credit growth (Tornell and Westerman 2005). Financial markets thus are important drivers

of these crises, making them an appropriate setting for our study.

® Some countries experience multiple types of crises in the same year. Our analyses count these events as one event.
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We collect firm level financial data from Thompson Datastream, which contains accounting
information from annual reports of publicly traded companies around the world. To be included in the
sample, a country must have more than five firm-year observations with non-missing values for a
number of accounting variables such as total assets, current assets, current liability and net operating
income.

We acknowledge that our analysis is limited to the publicly traded sector; activities of private
companies that do not trade publicly are not captured directly (except through their effect on public
firms). However, note that public firms typically tend to be the larger firms, and can thus have a large
impact on the country’s economy. Thompson Datastream defines each firm observation by the unit of
equity it issues. Thus, if a firm issues equities on two different exchanges, it will count as two firm
observations. Since securities listed on a foreign exchange are also subject to accounting rules of the
foreign country, we delete all securities cross-listed on foreign stock exchanges. This deletion ensures
that the accounting signals of each country are an outcome of the local accounting standards.®

Our procedure yields 101,492 firm-year observations from 21 different countries in our final sample.
The limited availability of firm year observations in earlier years restricts our analysis to crises episodes
after 1981. This truncation removes some early reserves based crises and makes the sample more
relevant to our financial market based hypothesis. We then aggregate the firm-years into country-years
(we do not over-weigh country-years with more firm-year observations). This aggregation yields 331 to
371 observations depending on the regression. These country-years include 39 crises.

Table 1l reports the onset year of each crisis in different countries, as well as the number of public

firms in our sample for each of the country-years. There is considerable variation in the number of firm-

® The results are robust to including the cross-listed firms.
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year observations across countries, reflecting differences in the level of industrialization, financial
market development, and also data availability.

The shaded areas in Table Il show considerable variation in the spread of crises across countries and
time. Crises have a slight tendency to be clustered in the early 1990s and late 1990s, reflecting the

existence of the well known ‘contagion effect’ (Allen and Gale 2000; Kaminsky et al. 2003; Yuan 2005).

I11.B  Precision of Accounting Signals

B.1 Measures

Our main prediction is that accounting fundamentals are a stronger predictor of crises in countries
with low accounting precision. We now describe our composite measure of accounting precision for
each country.

The accounting literature --- see summaries in Dechow and Skinner (2000) and Healy and Wahlen
(1999) --- has extensively researched the precision or the ability of accounting measures to capture
economic fundamentals. The source of accounting (im)precision arises from the following problem:
period t cashflows are not period t economic earnings. For example, the manager may have spent cash
on investments that will pay back in the future, so the cash outflow is not a pure economic loss.
Alternatively, assets may have declined in value leading to an economic loss, but there is no cashflow
impact because the assets are not sold. Accounting therefore adjusts the cashflows to construct a
measure of earnings or profits. This adjustment is called accruals. The noise in these adjustments is
then our proxy of the precision of the public signals. Note again that we are not measuring the variance
of the overall performance signal, we are measuring the noise in the accounting adjustments. This is

precisely the measure that the crisis models require.
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To users of financial statements, these accrual adjustments are relevant, but their reliability can be
imperfect. Specifically, the reliability or the precision can be impaired because management can make
estimation mistakes, or can misuse their discretion over accruals to conceal economic reality (both these
factors are evident in the current U.S. mortgage crisis, for example).

But what factors restrain management accounting choices? Recent accounting research indicates that
the deeper institutional factors that determine firms’ accounting choices are accounting rules, legal
enforcement, and the legal regime (e.g., Ball et al. 2000). These factors vary across countries, yielding
us an institutionally driven cross-country variation in accounting precision in our data.

While recognizing accounting precision’s conceptual and institutional importance, the accounting
literature has not converged to a universally accepted measure of accounting precision. Different
accounting studies pick a different property of accruals to deduce the precision of accounting measures.
We employ six commonly used measures that capture various dimensions along which accounting
information reliably reflects relevant firm fundamentals. Table Il defines in full detail the six measures
we use, as well as their sources in the literature. We aggregate each measure to the country level by
using the median of the firm year observations. We sign the measures so that lower values reflect higher
precision.

Our first measure of accounting precision, accruals quality (=AQ"), captures the estimation errors in
the accounting process by measuring how well accrual estimates map into cash flow realizations.
Following Dechow and Dichev (2002), we operationalize this measure as the standard deviation of the
residual from a country-level regression of current accruals on multi-period operating cash flow. Low
standard deviation implies higher accounting precision.

Our second measure AQ? proxies for the level of management discretion, often known as the

‘smoothing’ behavior (Fudenberg and Tirole 1995; Trueman and Titman 1988). Smoothing refers to
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managers misusing their reporting discretion to conceal economic shocks by over-reporting poor
performance and under-reporting strong performance. The accounting literature has traditionally used a
strong negative correlation between changes in accruals and operating cash flows to proxy for
management intervention over and beyond the natural level of accruals accounting (e.g., Francis et al.
2005). The negative of this correlation is then our AQ® measure.

The remaining four measures of accounting precision (=AQ®, AQ*, AQ” and AQ®) are various
measures of the magnitude of accruals. Sloan (1996) suggests that large accruals involve higher degree
of subjectivity that can often result in both intentional and unintentional reporting errors. Leuz et al.
(2003), on the other hand argue that the larger the absolute magnitude of accruals, the more room the
manager has to exercise discretion in reporting earnings. We measure both these concepts both with
current accruals (=AQ®, AQ™) that arise from operating activities, and total accruals (=AQ°, AQ®) that
include accruals from both operating and financing activities. We scale the accruals as per the original
papers.

Then, as defined in Table IV, we construct a composite measure of accounting precision from the six
AQ measures to eliminate potential measurement error. We rank each measure across all countries and
take the mean of the six ranks as a composite country index of accounting precision. This is our
country-based measure of the precision of the public signal.’

Table IV sorts the countries in ascending order based on the composite index with lower scores
reflecting higher accounting precision. All six individual measures exhibit large variation across
countries but similar rankings in terms of relative magnitudes. The magnitudes of the measures conform
by and large with prior literature (Bhattacharya et al. 2003, Table I and IlI; Leuz et al. 2003, Table II)

with small difference due to different sample periods.

" In Section V, we report the robustness of our main results to alternative measures of country-level accounting precision.
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The crisis models in Section 1l have a specific precision threshold at which self-fulfilling beliefs are
feasible. We therefore need to partition the sample based on this precision threshold. But it is not clear
how to translate the analytical precision threshold to the data. Table IV therefore dichotomizes the
sample at the median into countries with high and low accounting information precision.

In-sample ranking can distort the relative ranking of the 21 crisis countries if accounting precision
makes countries more (or less) prone to crises. Hence, we re-examine the accounting precision ranking
of the 21 sample countries after including 27 additional countries that did not suffer any crisis.
Untabulated results show that including the 27 countries has minor effect on the relative ranking of the
21 sample countries. In particular, the expanded sample categorizes 10 countries (i.e., 47% of the 21
sample countries) as countries with high accounting precision when the sample median is used as the
precision threshold.®

In addition, with some exceptions such as Australia, the country classification of high and low
accounting precision groups confirms prior studies that suggest that institutional characteristics (La
Porta et al. 1997) and enforcement of contracts (Ball et al. 2000) are related to the accounting
information environment. For example, Table IV shows high ranks for European countries such as
Denmark, Finland, Spain and Sweden, while developing countries like Argentina, Brazil and Greece
rank among the countries with low accounting precision. The fact that some countries from common
law origin are classified in the low precision group (i.e., Malaysia and Thailand) is consistent with Ball
et al. (2000), who argue that common law influence does not guarantee accounting information quality
when the enforcement of legal contract is weak. In the following section, we directly examine the

relationship between our measure of accounting precision and various institutional characteristics.

8 We test the robustness of the results to alternative dichotomies in Section 5.
17



B.2  Sources of variation in accounting precision across countries and over time

Accounting practice emerges in response to stewardship and valuation demands for accounting
information from institutions and capital markets. In Table V, we directly examine the relationship
between our accounting precision measures and various proxies of legal and institutional environment
culled from prior literature. Table V, Panel A shows the country ranks of each institutional variables
sorted by the level of accounting precision. We use the well-known anti-director index (La Porta et al.
1998; Djankov et al. 2008) and the creditor rights aggregate score (La Porta et al. 1997; Djankov et al.
2007) to proxy the level of investor protection (LEGAL.). To address the common criticism that it is the
law enforcement rather than the rules itself that define the legal environment, we also examine various
measures of law enforcement from the prior literature. The enforcement variable (ENFORCE,) is a
combination of the rule of law index from the International Country Risk Guide and the debt contract
enforcement measure from Djankov et al. (2006). Finally, we collect the measure of disclosure quality
(DISCLOSE,) from La Porta et al. (2006).

The correlations in Table V, Panel B show that accounting precision is indeed positively correlated
with the quality of legal institutions and the levels of law enforcement. Specifically, the accounting
precision measures (AQ.) show a strong positive association with level of enforcement (ENFORCE¢, p
= 0.505). However, the legal rule itself (LEGAL., p = 0.067) is weakly correlated. One possible
explanation for this weak correlation is the additional variation in accounting precision due to firm-level
incentives such as investment opportunities, external financing and ownership structure (Durnev and
Kim, 2005). Finally, the DISCLOSE.; measure is positively associated (p = 0.226) with our accounting
precision measure, providing additional construct validation.

We aggregate each of our AQ. measures across firms and across time to create country specific

measures. However, accounting policies themselves can evolve in response to crises (Angeletos et al.
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2006; Angeletos et al. 2007). As countries implement such rule changes, temporal shifts in the cross-
section of accounting precision can occur. We directly examine our precision measures’ time series
stability with AR(1) correlations.

Table V, Panel C shows the AR(1) times series correlation of each AQ measure of 21 countries
spanning the years 1981 to 2005. Across all AQ measures, the association between each AQ measure in
successive non-overlapping sub-periods of three or five years is significantly positive, suggesting that
the accounting precision is persistent ---- it is institutionally difficult to change accounting rules and
enforcement quickly (unlike say interest rates). Individual accounting rules may change, but overall
accounting precision is unlikely to change rapidly in a country. That said, the three year AR(1)
correlations are much stronger than the five-year AR(1) correlations suggesting that the five year shifts
in the data are more substantive. Obviously, we cannot tell whether these shifts are noise or true

variation, so we repeat our main analyses with the five-year aggregation period.

I11.C  Macroeconomic Leading Indicators in Prior Literature

The general conclusion in the crisis prediction literature is that an effective warnings system should
consider a large variety of indicators (Kaminsky and Reinhart 1998). We adopt the leading indicators
proposed in Kaminsky and Reinhart (1998, Table IVA) and Edison (2003, Table V). Following Edison
(2003), we group the list into five major categories: current account indicators, capital account indicators,
real sector indicators, domestic financial indicators, and global indicators.

Table VI, Panel A provides definitions of all the seventeen leading indicators, their data sources

(primarily the International Financial Statistics), and the predicted direction of changes prior to a
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currency crisis. All indicators are defined as a percentage change from the previous year, except for the
indicators already measuring deviation from a trend.’

The descriptive statistics of all the leading indicators are in Table VI, Panel B. Some leading
indicators have extreme values. The extreme values for the currency overvaluation variable are from
Indonesia and Mexico during periods of high inflation. The extreme values for excess real M1 balances
are due to EU countries that experienced a discontinuity in M2 measures in 1999. To ensure that these
extreme observations do not dominate our empirical tests, we repeat all our empirical tests after
excluding these two variables and find similar results.

Table VII provides descriptive statistics for each leading indicator variable across different countries,
along with additional country information, sorted by the countries’ accounting precision. A comparison
of the cost of crises, measured by foregone outputs as well as the actual loss of reserves incurred in
defending the speculative attack (Bordo et al. 2001), indicates that countries with low accounting
precision appear to have suffered more severe crises. Countries with low accounting precision also tend
to have higher inflation and GDP growth over the sample period. Given that volatile and unstable
countries are more likely to have institutionally weaker accounting regimes (e.g., Ball et al. 2000), this

table provides additional support for our accounting precision partition method.

I11.D  Realized Accounting Fundamentals
Table VIII provides the definition of the three accounting signals we use to operationalize the
realization of fundamentals. These measures are a) accruals, b) earnings or profits, and c) volatility of

earnings. We do not include cashflows because they are simply earnings less accruals (cashflows and

® The two indicators are excess real exchange rate and excess real M1 balances.
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accruals are correlated at 0.9 in our sample). We obtain the median of each measure for each country
year and nominate it as the countrywide measure for that year.

While the list of potential accounting measures and accounting ratios useful for evaluating firm
performance is very large (Ou and Penman 1989), the measures we choose are widely recognized as key
accounting measures of firm performance (Dechow 1994; Dechow and Schrand 2004). More detailed
accounting measures and ratios may not be equally valid across a diverse set of firms and countries, and
also have limited data availability.

There is some overlap in the data underlying our accounting precision metrics and the data
underlying realized accounting fundamentals, notwithstanding different aggregation procedures. With
some exceptions, the realized fundamentals are typically first-moment effects, where as the accounting
precision metrics are variance-covariance second-moment effects. More important, our analyses include
country fixed effects, so any across-country variation in the measures in Table IV will have no impact

on the results; we will assess only the within-country effect in our regressions.

D.1 Realized Accounting Signal: Accruals

The first accounting signal we employ, Accruals,;, represents the adjustment to cash flows to yield
accounting earnings. These adjustments play a key role in reporting firm performance, especially in
times of rapid downturns and upturns, for cashflows are not yet impacted. For example, banks typically
do not wait for loans to default before writing them off. Such advance writeoffs generate large negative
accruals.’® Likewise, in upturns, firms may recognize revenue before the cashflows from customers

have materialized. Of course, the extent to which accruals systematically predict future firm

1% 1n his Congressional testimony on Feb. 28", 2008, Fed chairman Ben Bernanke partly implicated the writeoffs resulting
from the mark-to-market accounting rule as a driver of the current U.S. mortgage crisis
(http://www.bloomberg.com/apps/news?pid=20601039&sid=a_ XUPMYKChMO&refer=columnist_berry). Also see
Greenlaw et al. (2008).
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performance is highly controversial in the accounting literature. Although it has been well shown that
the accrual component is less persistent than the cash flow component of earnings (Sloan 1996), recent
studies such as Hirshleifer et al. (2009) find that at the aggregate level, accruals are positively associated
with future performance. We therefore expect accruals to be large and negative prior to a downturn or a
crisis.

We follow prior literature (Jones 1991; Dechow et al. 1995; Sloan 1996) and focus on current
accruals including the reversal of certain non-current operating asset accruals by subtracting
depreciation and amortization. We compute accruals from balance sheet and income statement
information, and then compute cash flows as operating income minus accruals. We do not use the cash
flow statement to compute accruals because of limited data availability of cash flow information across
countries and time.

Table VIII, Panel B indicates that the mean of accruals is -0.01, similar to Sloan (1996, Table 1) who
reports accruals of -0.03. Note that accruals, though aggregated in an entirely different manner, also
form the basis of our measure of the precision of accounting information (Section I11.B). Although the
empirical measure is identical, it is important to note that we implement the two in very different ways.
The level of accrual as a proxy for accounting precision captures the variation across countries. On the
other hand, the accruals level as a signal for fundamental is employed to capture within-country
variation over time. Therefore, our definition of accruals as an accounting fundamental applies only
within each country. In any event, we revisit this issue in Section VV where we downplay the importance

of accrual levels as measures of accounting precision.
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D.2 Realized Accounting Signal: Operating Profitability
Operating profitability or operating earnings require little motivation. We define operating
profitability as the country median of firm-level net operating income scaled by beginning total assets.

Table VIII, Panel B indicates that operating profits average to a reasonable 8.5 percent of assets.

D.3 Realized Accounting Signal: Earnings Volatility

Following studies such as Ranciere et al. (2008), which implicate higher moments as the predictors
of crises, we include volatility of the reported earnings as our last accounting signal. Volatility is the
standard deviation of operating income (scaled by beginning total assets) over a three-year backward
rolling window. Crises are troubled periods with high uncertainty; we therefore predict a positive

association between crisis onset and earnings volatility.

D.4 Correlations

Table 1X, Panel A presents the correlation matrix of all crises predictors, including accounting
signals and leading indicators from prior literature. Simple examination of the correlation increases our
confidence in the validity of our measures. For example, industry output is positively correlated with
equity prices (= 0.34, Spearman) and commercial bank deposit is positively associated with domestic
real interest rates (= 0.34, Spearman). Also, the associations of our accounting signals are plausibly
signed: accruals and profitability show a positive relation (0.37, Spearman). More important, there also
appears to be little evidence of multicollinearity; our three accounting signals thus capture different
dimensions of realized fundamentals.

Table IX, Panel B presents the time series correlation of all the three accounting signals. The

association of the contemporaneous and lagged accounting measure is stable. For example, the
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correlation between Profitability. ., and Profitability.:1 (= 0.549, Spearman) is close to the correlation
between Profitability.; and Profitability.; (= 0.559, Spearman). More important, the AR(1) effect in
the realized accounting fundamental measures is significant. Our empirical tests therefore incorporate
various lead-lags of the realized accounting fundamentals to get a better understanding of the predictive

timing effects. We turn to these tests next.

IV.Results
IV.A The Story in Pictures

We first present a graphical representation of the movements in accounting signals for the periods
leading up to and immediately following the currency crisis. Following Eichengreen et al. (1995), we
compare the behavior of each accounting signal during ‘tranquil’ periods as well.

Figure 2 reports the movement in accounting signals three years before and after the 39 currency
crises. The horizontal axes represent the number of years before and after the crisis (or tranquil) year.
The bands represent the upper and lower 25% quartiles of the realization of each accounting signal.

Accounting signals show much movement during crises, especially for low accounting precision
countries. Profits decline for these countries. Accruals do so as well and enter negative territory,
suggesting considerable write-offs. Volatility of profit increases as predicted. By contrast, in the
tranquil years, the data are indeed tranquil across both sets of countries, suggesting that the movement
during crises years is not entirely spurious.

The univariate nature of the figures necessitates caution in any inference. For example, the
movement of accounting signals in low precision countries also comes with larger confidence intervals.

We therefore turn to a more formal analysis of the data.
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IV.B  Multivariate Analysis of Crisis Prediction

We examine the relation between accounting variables and the occurrence of a currency crisis in a
regression framework. Our unit of observation is a country-year. The majority of the early warnings
literature takes the signals approach (Kaminsky and Reinhart 1998), where indicators issue a signal
whenever they move beyond a certain threshold. However, our ability to estimate the optimal threshold
is impaired by the limited frequency of annual accounting data. Thus, we use multivariate probit models
as in Frankel and Rose (1996) to test the in-sample statistical power of accounting signals to predict
currency crises. Berg and Pattillo (1999) also use the probit model to assess the out-of sample
performance of binary indicators and find that probit model outperforms the signal approach in terms of
scores and goodness-of-fit.

We estimate the following probit model for the full sample of country-years. We include country

fixed effects, a common time trend, and contemporaneous cross-sectional correlations:

3 ) 18
D _Crisis,, =a+ » (' x Accounting Signal], , +> " x Leading Indicators, , +¢,. (4)

ct—n
i=1 k=1

Table X reports the results for various lead-lags in the full sample. The coefficients represent the
marginal effect averaged over all observations. Results show that accounting signals two years prior
have no ability to predict crisis onsets. However, the situation is different for a one-year lead.
Accounting signals are now collectively significant, and the F-statistic for the three accounting measures
is 17.97 (p-value <0.001). The goodness-of-fit, measured using McFadden’s pseudo R-square, increases
from 0.245 to 0.283 with the inclusion of accounting signals.** Finally, contemporaneous accounting
signals in the last column are also significant. However, since the crisis has already occurred this

significance could partially reflect the toll of the crisis on firm performance.

' Since McFadden’s pseudo R-square can increase even with an inclusion of irrelevant variables, we also assess the model’s
explanatory power using adjusted-McFadden’s R-square. Unreported results show that including accounting signals one year
prior to the crises increases adjusted-McFadden’s R-square by 8%.

25



Interestingly, Table X shows that many of the leading indicators also do not have statistically
significant coefficients. Among the leading indicators, some domestic financial variables such as
commercial bank deposit and Excess real M1 balances appear to be statistically significant in the
predicted direction. On the other hand, coefficients of real interest rate differential, domestic real
interest rate and lending/deposit rate show reverse signs.> This is consistent with the early warnings
systems finding that even the best model has limited predictive power (Kaminsky and Reinhart 1998,

Table I).

IV.C  The Accounting Precision Dichotomy
We now expand equation (4) to compare coefficients across the two groups of accounting precision.

We specify the following stacked probit model:*3

3
D_crisis,, = Y 4}, x[l¢, x Accounting Signal,, 1+
i=1
)

3 18
Bt x[l, x Accounting Signal;, 1+ " x Leading Indicator, , +z,,.
i=1 k=1

I, (I )is an indicator equal to 1 when the crisis is in a country with high (low) accounting

precision and O otherwise (there is no intercept term). The coefficients g, ( 5| ) measure the
associations between accounting signals from countries with high (low) accounting precision and the
onset of a crisis.

Table XI presents the result of the probit estimations. As in Table X, accounting signals two years

in advance have no power to predict crises. However, the one-year prior F-tests clearly show that

12 This finding is consistent with other empirical research in the early warnings system literature. In particular, Edison 2003
(Table X1V) finds that the real interest differential and real interest rates have the lowest probability of issuing a signal during
the 24-month period prior to a crisis.
13 See Maddala (2001) for a discussion of stacked regressions. Under the assumption that the error terms from each
regression have the same distribution, this technique captures any (potential) correlations across the error terms. Stacking
also allows statistical tests of coefficients across the stacked equations.
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accounting signals have more statistical power to jointly predict crisis among countries with low
accounting precision. In particular, the in-sample prediction power of realized accounting signals is
significant for low accounting precision countries (F-stat = 14.17, p-value = 0.003), and insignificant (F-
stat = 1.31, p-value = 0.726) for high precision countries. This is precisely the prediction of models
such as Angeletos and Werning (2006).

An alternative explanation for the insignificance of the accounting signals in the high precision
countries is lack of power. The aftermath model in the last column of Table X1 dispels this possibility.
For the first year following a crisis onset, the accounting signals appear to be jointly significant for both
the high (F-stat= 26.62, p-value< 0.001) and the low (F-stat= 17.67, p-value< 0.001) accounting
precision subsamples. Accounting signals in high precision countries thus reflect the consequence of
crises: they simply cannot predict them.

The individual coefficients of the realized accounting signals in Table XI are somewhat difficult to
interpret. We cannot directly read off the profitability coefficient, for we have to keep the accrual
component constant. We therefore examine the measures individually in Table XII.

We get the same result as in Table XI, namely that two out of the three prior-year accounting
measures are strongly predictive of crises in low precision countries.** Nothing is significant in the high
precision countries. Accruals in low precision countries are negatively significant, suggesting declines
before the crises. Accruals decline if firms increase their write-offs or decrease their inventory buildup.
Inventory buildup, a particularly important measure of economic health, is a positive accrual because it

consumes cash but does not affect earnings.

Y Unreported results indicate that no measure individually has any power to predict crises in both subsamples two years in
advance. For one year following a crisis, some signals are significant in both high and low precision countries. The results
thus mirror Table XI.
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The prior-year profitability in low precision countries is significant but has the opposite sign (it does
so in Table XI as well). One explanation is that although accruals are declining, prior-year cashflows
are still booming, causing total profits to increase before the crisis (a la Ranciere et al. 2008). But then,
once the crisis hits, this boom disappears. Commensurately, the profitability in the crises years (Table
X1) does significantly decline.

In sum, therefore, our results for the low precision countries mirror Ranciere et al. (2008), who show
growth (captured by our profit measures) as improving before the crises. Our key additional insight is
firms anticipate a growth slowdown and reduce accruals. Accounting adjustments thus play precisely
the role they are supposed to. This is a particularly valuable result because it shows that accounting
rules matter: it’s the application of these rules to measure firm operations that generates critical asset-

pricing information.

IV.D Institutional Factors and Time-Varying Measures of Accounting Precision

One concern with the above results is that they reflect the underlying institutions in Table V, Panel A
and not accounting precision. This is especially true of institutions that are strongly correlated with
accounting precision. In this subsection, we examine this concern directly. Table V, Panel B shows that,
of all the institutional features, legal enforcement is most strongly associated with accounting precision.
We divide the sample into high and low enforcement countries and examine the predictive power of the
realized accounting signals.

Table XIII, Panel A shows that in the year before the crisis, realized accounting signals are stronger
predictors only in low quality law enforcement countries. We interpret this result as follows. Modern
research on economic growth has explored several channels through which institutions affect growth. In

most of these channels, which range from financial development to trading costs (e.g., Martin and Rey
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2006; Acemoglu and Guerrieri 2008; Ranciere et al. 2008), excess volatility and self-fulfilling crises due
to luck and other sunspot phenomena are more likely in less-developed countries with features such as
poor enforcement. Prescriptions on capital account liberalizations also routinely start with the
assumption that less-developed countries are more susceptible to sunspot volatility (e.g., Prasad and
Rajan 2008).

The above line of reasoning therefore would then suggest that fundamentals are less likely to predict
crises in such countries. Our results in Table XIII, Panel A are exactly the opposite. So the channel
which does seem to be operating in Table XIlII, Panel A is likely the one in Table X1, namely that high
enforcement countries have high precision accounting signals (Table V, Panel B), which then fall into
the purview of our analytical crisis models. Therefore, albeit indirect, Table XII1, Panel A also provides
support for our main prediction.

Another aspect of institutions is that they can change with time, especially in response to crises.
Angeletos et al. (2006) and Angeletos et al. (2007) analytically show that our main prediction is robust
to such endogenous institutional changes. As discussed in Section I11.B.b, we re-sort the countries into
high and low accounting precision every year, based on the accounting precision score over the previous
five-year period. Table XIlI, Panel B presents the main results in Table XI using this time-varying
dichotomy. As in Table XI, the accounting fundamentals can predict crises only in the low precision

countries. Our main result thus continues to hold.

V. Additional Analyses
V.A Different Types of Crises
Our approach so far has not differentiated among different types of crisis. In this section we relax

this assumption and drop all the seven fiscal deficit, current account, and sudden stops crises in Table I.
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These crises are more a product of government monetary and macro policies than information-based
speculative behavior in financial markets.

Table XIV, Panel A provides the test results for the 32 remaining banking crises. The model
specification and estimation strategy is identical to equation (5). The results of the banking crises
subsample are similar to that of the comprehensive crises sample. Prior-year accounting signals are
strongly predictive of crises in low precision countries and are insignificant in high precision countries.

Another implication of Kaminsky and Reinhart (1999) is that crises in the same country in
consecutive years may not be independent. We therefore collapse consecutive crises years in the same
country into the first year (the effect is that we are mostly dropping currency crises that follow a banking
crisis). This procedure reclassifies 12 out of 37 crises as non-crises, but our results continue to remain
unchanged. For this version of Table XI, we find that the predictive chi-squares of the realized
fundamentals in the year before the crises are 17.99 (p-value <0.001) for the low accounting precision
countries and 3.32 (p-value = 0.345) for the high precision countries. Furthermore, mirroring Table XI,

both sets of countries show a significant change in fundamentals one year after the crises hit.

V.B  Country classification of High and Low Accounting Precision

The switch from multiplicity to a region of uniqueness in the analytical crisis models is not gradual,
but occurs suddenly at a certain threshold (Angeletos and Werning 2006, Figure 1). Empirically, we
have used the sample median as the precision threshold after sorting the countries by the composite
index described in section Ill. In this section, we examine the sensitivity of our results to several
alternative thresholds.

We first repeat our analysis after redefining the countries with high accounting precision as those

with a composite index smaller or equal to the sample mean (instead of the median) of the composite
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index. Italy and Mexico are now categorized as counties with high accounting precision. Table XIV,
model (1) of Panel B shows the results using this alternative precision threshold. The results are robust.
Prior-year accounting measures are strongly predictive of crises in low precision countries and have no
predictive power in high precision countries.

Our accounting precision measures AQ®- AQ® are very similar in that they measure accrual levels.
This factor is thus not only similar to one of our realized performance measures but also may have a
disproportionate influence on our precision threshold. We therefore only use AQ*- AQ® as accounting
precision measures and re-sort our sample countries on the median. Most countries retain their original
standing. Only the countries that lie close to the precision threshold switch precision groups: France and
Japan are now in the low precision group and Italy and Mexico are in the high precision group. Thus,
our precision rankings are robust to alternative definitions of the precision measures. In addition, Table
X1V, model (2) of Panel B shows that our main results continue to hold. Prior-year accounting
measures are strongly predictive of crises in low precision countries and have no predictive power in
high precision countries.

Finally, we examine the sub-sample of countries that lie in the interior of the precision categories.
Our reasoning is that the behavior of these countries should be robust to movements in the precision
threshold. We drop all countries that are relatively close to the precision threshold: France, Japan, Italy,
and Mexico. Table X1V, model (3) of Panel B shows the results using this alternative precision
threshold. Our main results continue to hold after dropping these countries. Prior-year accounting
measures are strongly predictive of crises in low precision countries and have no predictive power in

high precision countries.
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V.C Crisis Prediction in Tradable Sectors

Trade-based crisis models show that trading frictions can cause excess volatility and capital flights
(Martin and Rey 2006). While related, trading frictions constitute a different self-fulfilling mechanism
than our financial market coordination models. Although we have controlled for across-country
variation in trading costs via country fixed effects in our regressions, we control for the trading cost
effect directly by eliminating the non-tradable sectors in the computation of accounting signals.™

We follow Tornell and Westermann (2005) and define the tradable sectors as all sectors excluding
wholesale, retail trade, utilities and transportation industries. Unreported descriptive statistics indicate
that on average 84 percent of the firms are categorized in the tradable sectors, but figures vary by
country. Firms in the tradable sectors are typically more profitable firms with lower leverage and less
volatility in their earnings stream.

Table X1V, Panel C replicates Table XI by using the accounting signals from the tradable sectors.
We find strong evidence of coordination-based crises in the tradable sectors, with accounting
fundamentals predicting crises only in the low precision countries. Our main results are thus robust to

Martin and Rey (2006)-type trading cost effects.

V1. Conclusion
Recent dynamic growth models show that expansions and improvements in financial markets result
in higher quality public signals that improve economy-wide resource allocations, thus increasing output
and reducing volatility and crises (Acemoglu 2008, Ch. 17). The global games literature revisits this
idea by arguing that in large financial markets, traders are individually too small to completely fund

assets and therefore have to coordinate their resource allocation and interim financing activities. In such

15 We continue to retain all sectors in the computation of the accounting precision measure.
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settings, precise public signals can exacerbate volatility and multiplicities by coordinating traders’
beliefs about each other and precipitating crises independent of realized fundamentals (e.g., Angeletos
and Werning 2006; Angeletos et al. 2006; Angeletos et al. 2007).

A key public information source in financial markets is accounting data. The accounting research
literature has extensively documented how cross-country variation in the precision of the accounting
data arises due to variations in legal regimes, enforcement, and accounting rules. We exploit this
variation in accounting data to provide one of the first tests of the public information precision
predictions of global games. Subject to the usual econometric caveats, which we discuss at length in the
body of the paper and attempt to control using a wide arsenal of econometric tools and experimental

design techniques, we find strong in-sample support for global games predictions.
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Table I: Crisis Onset Years By Different Types of Currency Crises

Country Type of crises
Fiscal Current Financial Sovereign Sudden
deficit account EXCesses debt stop
Argentina 2002" 1981 1986
1982 1989
1990
Australia 1989"
Brazil 1990° 1983
1994" 1986
1999 1989
1990
1991
Denmark 1979 1993
Finland 1991 1982
1992
France 1994"
Greece 1991
India 1993"
Indonesia 1978 1983 1986
1997
1998
Italy 1990
Japan 1991"
Korea 1997
Malaysia 1997
1998
Mexico 1994" 1976
1982
Norway 1992 1978 1998 1986
1999
2000
Philippines 1983 1986
1984 1997
Spain 1976 1992 1982
1977 1993
Sweden 1977 1992 1981
1982
Taiwan 1997"
Thailand 2000 1978 1984 1997
1981 1997 1998
1999
Turkey 1994° 1980
2001" 1994
Total # of crisis
years 2 8 26 28 4

Notes: Crises episodes are taken directly from Kaminsky and Reinhart (1999) and the banking crisis database of Caprio et al. (2005). We
follow the crisis classification of Kaminsky (2003).
* From the Caprio et al. (2005) banking crisis database.
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Table I1: Crisis Onset Years and Number of Public Firms

Number of public firm observations

Year Argentina  Australia Brazil Denmark Finland France Greece India Indonesia Italy Japan
1976
1977
1978
1979
1980
1981 3 2
1982 ° 3
1983 ° 3 2
1984 5 6 5 6
1985 12 4 7 10 2 8 2
1986 18 4 10 13 10 15 11
1987 2 26 5 13 27 31 39 18
1988 6 82 15 36 38 198 33 186 37
1989 7 123 99 96 76 260 33 200 142
1990 7 145 113 125 90 299 35 6 2 207 614
1991 7 150 111 127 90 329 44 6 10 208 933
1992 16 150 148 134 90 342 71 32 86 208 1057
1993 21 156 151 137 89 362 112 137 94 200 1085
1994 26 156 162 143 92 367 128 156 101 191 1127
1995 30 168 197 143 93 367 126 175 106 200 1182
1996 28 206 253 141 93 383 125 256 147 195 1219
1997 37 236 256 171 116 525 164 281 155 210 1255
1998 39 251 278 175 131 600 186 298 161 231 1288
1999 49 282 319 167 130 646 197 305 163 247 1789
2000 60 381 571 154 126 669 240 309 193 262 1791
2001 66 588 561 145 134 668 265 350 262 268 1863
2002 68 965 541 140 132 638 273 412 282 262 2019
2003 68 1000 529 137 128 626 258 437 286 268 2035
2004 64 1069 541 124 132 622 262 510 284 276 2109
2005 61 1211 548 118 132 618 263 574 286 273 2162
Total # of 662 7393 5393 2426 1948 8582 2858 4244 2618 4162 23738
firm-years
# of crisis
years (sum 6 1 7 2 3 1 1 1 5 1 1
of shaded
cells)

(Continued)
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Table I1: Crisis Onset Years and Number of Public Firms (Continued)

Number of public firm observations

Year Korea Malaysia Mexico Norway Philippines Spain Sweden Taiwan Thailand Turkey
1976
1977
1978
1979
1980
1981
1982
1983 ! !
1984 3 ! 4
1985 5 7 7 2 4
1986 1 7 7 12 3 8
1987 1 10 12 16 8 12
1988 13 35 38 66 54 85 4 2
1989 73 43 47 82 5 71 113 5 8 10
1990 106 50 48 97 5 76 145 5 21 18
1991 99 55 47 97 10 86 149 5 42 21
1992 100 106 77 96 36 89 154 24 141 24
1993 111 135 90 90 46 92 160 27 231 28
1994 165 138 105 101 52 92 171 44 301 40
1995 194 156 114 97 57 93 184 103 318 38
1996 218 234 112 97 82 97 184 191 346 41
1997 259 267 120 165 87 119 236 210 372 53
1998 299 304 125 172 88 116 270 223 385 73
1999 383 309 164 156 103 117 265 226 375 89
2000 649 342 170 128 113 116 270 367 375 111
2001 667 548 172 129 152 119 263 475 517 131
2002 731 671 173 124 165 114 253 1084 532 140
2003 814 710 167 129 175 113 261 1169 585 169
2004 837 794 162 141 172 117 279 1229 631 179
2005 847 863 155 142 176 110 277 1229 638 177
Total # of 6567 5786 2112 2145 1524 1804 3748 6616 5822 1344
firm-years
Total # of
crisis years 1 2 3 6 4 5 4 1 7 3
(sum of

shadedcells)

Notes: Figures in table represent number of public firm observations in each country-year with financial
data (total asset, net income from operations, current assets and current liabilities) available in Thompson
Datastream. Shaded cells represent the year of an onset of a crisis described in Table I.
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Table 111: Individual Countries’ Measures of Accounting Signal Precision

[c=country, f=firm, t=year]

Description

Measure

AQ.:
Accruals quality

Measures how well accruals map into
past, current and future cash flow
realizations

(Source: Dechow and Dichev 2002)

AQé,t =0} (‘9c,t)

2 .
AQ% Measures the extent accounting accruals Accruals , , , CFO, |,
Smoothing offset cash flow shocks AQZ, =-CorriA LA Ak
(Source: Francis et al., 2005) ' TotalAsset ¢, TotalAsset . ¢,
3
AQ’c Level of accruals ] _ Accruals , ,
Accruals (Source: Sloan 1996) AQ’, =Median (| ——————
‘ TotalAsset .
AQ., Magnitude of accruals | Accruals |
Absolute (Source: Leuz et al., 2003) AQc4t = Median c.ft
accruals ’ CFO|
AQ’. Level of total accruals

Total accruals

(Source: Sloan et al., 2002)

AQ., = Median

TotalAccruals,
TotalAsset . ¢, ;

AQ‘SCt Magnitude of total accruals T
: otalAccur als
Absolute total (Source: Leuz et al., 2003) AQf,t = Median | |c, fit
accruals ICFO_,
AQ'.pi=1..6 Time averaged measure over a P-year . 1P . ]

rolling window AQqyp = ) El(AQ(I:,t—pﬂ)’ Vi
AQ. i=1.6 Per-country mean of each measure AQ! = Mean, (AQi t)

c c,

Notes: Each measure is defined such that lower value represents higher accounting precision.
Accruals . ¢ , = (ACA, ;  —ACash, ;) — (ACL, ; , — ASTDebt_ ; . — ATaxPayable  ; ) — Depreciati on_ ; ,

TotalAccru als_ ; , = (ATotalAsset . ;  — ATotalLiabi lity . ; ) — ACash, ;
CFO, ; , = OperNI ; . — Accruals ¢ ,
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Panel A: Countries with high accounting precision

Table IV: Countries’ Average Measure of Accounting Precision

[c=country]

Composite
Country Level of accounting precision averaged over the sample period country index
#ofyears #offirm AQ: AQ? AQ? AQ* AQ? AQ° = Mean {Rank (AQ/)}
years c c c c c c i c c
wherei=1..6
Denmark 21 2,426 0.0512 0.8917 -0.0485 0.5567 0.0391 0.6339 5.2
Finland 21 1,948 0.0149 0.8963 -0.0567 0.6056 0.0594 0.6825 6.7
Spain 21 1,804 0.0499 0.9340 -0.0369 0.4484 0.0588 0.6596 6.7
Sweden 23 3,748 0.0519 0.8204 -0.0334 0.4701 0.0662 0.8025 6.8
Norway 22 2,145 0.0621 0.6576 -0.0505 0.5585 0.0496 2.3362 1.7
Taiwan 17 6,616 0.0487 0.9469 -0.0315 0.5697 0.0421 0.7379 8.3
India 16 4,244 0.0519 0.7606 -0.0186 0.4488 0.0899 0.8172 8.7
Philippines 17 1,524 0.0474 0.8479 -0.0288 0.5072 0.0739 0.9692 8.7
France 25 8,582 0.0706 0.9257 -0.0403 0.5685 0.0568 0.6422 9.0
Japan 21 23,738 0.0683 0.9854 -0.0276 0.5307 0.0264 0.7133 9.7

Notes: Definitions of accounting precision measures are in Table I1l. Sample is described in Table II.
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Panel B: Countries with low accounting precision

Table 1V: Countries’ Average Measure of Accounting Precision (Continued)

[c=country]

Composite
Country . Level of accounting precision averaged over the sample period country index
#ofyears  #of firm 1 2 3 1 5 6 i
years AQc AQc AQC AQc AQc AQc = Meani [rankc (AQCI )]
wherei=1..6
Italy 23 4,162 0.0558 0.9073 -0.0492 0.6570 0.0621 0.9541 10.2
Mexico 21 2,112 0.0491 0.8299 -0.0138 0.4706 0.2293 1.5416 105
Thailand 18 5,822 0.0581 0.9186 -0.0303 0.5720 0.0697 0.8302 11.3
Malaysia 23 5,786 0.0826 0.9230 -0.0130 0.5578 0.0527 1.0483 12.3
Indonesia 16 2,618 0.3759 0.9777 -0.0332 0.6353 0.0072 1.0548 12.8
Korea 20 6,567 0.0958 0.9494 -0.0262 0.6229 0.0557 0.9771 135
Australia 25 7,393 0.0917 0.8516 -0.0182 0.8697 0.0672 3.2037 15.2
Argentina 19 662 0.0674 0.5242 0.3258 0.9821 2.4680 6.2378 15.3
Turkey 18 1,344 0.1818 0.7641 0.0643 0.6701 0.4428 2.0100 155
Brazil 18 5,393 0.3056 0.8400 -0.0206 0.6597 3.5114 4.4988 16.0
Greece 21 2,858 0.0727 0.9381 -0.0001 0.6668 0.1129 1.1765 16.8

Notes: Variable definitions are in Table I1l. Sample is described in Table 1I.
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Table V: Stability of Accounting Precision Measures Across Different Institutions and Over Time
[c=country]
Panel A: Country rankings of institutional variables sorted by level of accounting precision

Accounting
Country precision Legal origin  Legal system Legal enforcement Security law
i Common vs. Rank Rank Rank Rank
AQ, = Mean{Rank .(AQ.)}  code Law (Anti-  (Creditor LEGAL. (Rule (Debt ~ ENFORCE. DISCLOSE,
where i =1..6 director) Law) of law) Enforce)
Countries with high accounting precision
Denmark 5.2 Code (S) 7 1 4 9 5 11
Finland 6.7 Code (S) 12 14 13 3 2 15
Spain 6.7 Code (F) 1 5 3 10 8 9 15
Sweden 6.8 Code (S) 12 14 13 7 4 11
Norway 7.7 Code (G) 12 5 9 4 25 11
Taiwan 8.3 Code (S) 16 5 11 2 5 5
India 8.7 Common (V) 1 5 3 19 . 19 1
Philippines 8.7 Code (F) 7 14 11 21 18 19.5 4
France 9.0 Code (F) 12 20 16 6 12 9 5
Japan 9.7 Code (G) 5 5 5 6 1 35 5
Countries with low accounting precision

Italy 10.2 Code (F) 19 5 12 9 15 12 10
Mexico 105 Code (F) 16 20 18 15 10 125 11

Thailand 11.3 Code (F) 7 5 6 13 11 12

Malaysia 12.3 Common(U) 1 1 1 11 14 12.5
Indonesia 12.8 Code (F) 7 5 6 20 17 185 15
Korea 135 Code (S) 5 1 3 15 5 10 5

Australia 15.2 Code (S) 7 1 4 1 6 35
Argentina 15.3 Code (F) 19 14 17 15 16 15.5 15
Turkey 15.5 Code (G) 16 5 11 18 20 19 15
Brazil 16.0 Code (S) 1 14 8 12 19 155 21
Greece 16.8 Code (S) 19 14 17 14 13 13.5 20

Note: Each variable is ranked such that lower score/rank indicates higher quality.
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Table V: Stability of Accounting Precision Measures Across Different Institutions and Over Time (Continued)
[c= country, P= Length of non-overlapping consecutive periods over which stability is measured]

Panel B: Correlation of accounting precision and institutional variables

AQ, LEGAL, ENFORCE, DISCLOSE,
AQ. - 0.067 0.505 0.226
LEGAL, - 0.057 0.409
ENFORCE, - 0.065

DISCLOSE, -

Variable definitions (Note: lower scores indicate higher quality):

The legal traditions of code and common laws origins are France (F), Scandinavian (S), German (G), and British (U).
LEGAL.=Mean[Rank(Anti-director index.), Rank(Creditor rights score;)]. The anti-director index (0-6) is an aggregate measure of shareholder rights
defined in La Porta et al. (1998) and corrected in Djankov et al. (2007). The creditor right scores (0-4) measure the extent legal provisions protect
creditors’ rights as defined in La Porta et al. (1997) and updated in Djankov et al. (2007).

ENFORCE.=Mean[Rank(rule of law,), Rank(debt enforcement;)]. The rule of law index (0-10) is an assessment of the law and order tradition in the
country produced by the country-risk rating agency International Country Risk (ICR) between 1982 and 1995. Debt enforcement is an index measuring
the efficiency of law enforcement in a hypothetical case of an insolvent firm provided by insolvency lawyers from 88 countries (Djankov et al., 2006).
DISCLOSE=Rank(disclosure index.), Disclosure index is defined in La Porta et al. (2006) measuring the disclosure requirement in securities law during
equity issuance.

T % ** denote significance at the 95%, 97% and 99% levels.

Panel C: AR(1) coefficients of each accounting precision measures in non-overlapping consecutive periods

p(AQi,P ) Ach,P-l) p(AQCZ,P ) AQCZ,P—I) ,O(AQ?,P ) AQS,P—I) P(AQ:,F: ' AQ:P—l) P(AQ?,P ) AQCS,P—l) P(AQcﬁ,p ] AQCG,P—l)

Spearman  Pearson  Spearman  Pearson ~ Spearman  Pearson  Spearman  Pearson  Spearman  Pearson  Spearman Pearson

P=3 years 04537 04337 0533 0219 0416 0009 0460 0346 0219 0277 0300 0392

P=5 years 0.314 0.261 0.378°  0.297" 0.233 0028 0.361°  -0.054 0368  0.068 0.175 -0.015

AQé’P = Mean, (AQé]t). See Table I11 for definitions of AQ measures. AR(1)= p(AQci'P , AQCilpfl) computed over all countries.
T, % ** denote significance at the 95%, 97% and 99% levels.
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Panel A: Definition of leading indicators

Table VI: Definitions and Descriptive Statistics of Prior Literature’s Leading Indicators
[c=country, t=year]

Category  Indicator (Variable name) Definition Measure & data source Predicted association to crisis
Current Deviation from expected real Deviation of real - residual value from time trend Over-valuation of local currency )
account exchange rate (XS_realEXq,) exchange rate from equation estimated by each country are linked to currency crisis
time (year) trend - real exchange rate= nominal
regression bilateral exchange rate” (IFS.00ae)
[US CPI/domestic CPI] (IFS.64.ZF)
Imports (4Imports,) % change of imports - imports (IFS.70.ZF) Weak external sector (+)
Exports (AExports,) % change of exports - exports (IFS.71.ZF) Weak external sector ()
Capital Foreign exchange reserve % change in foreign - foreign exchange reserve = Total Loss of foreign reserve is a )
account (AFXreserve,,) exchange reserves reserve minus gold (IFS.1L.ZF) characteristic of currency crisis;
Krugman (1979)
M2/foreign exchange reserve % change in - M2= Quasi money (IFS.35.ZF) Expansionary monetary policy (+)
(AM2_FXreserve, ) M2/foreign exchange - foreign exchange reserve and/or sharp decline in reserve is
reserves (IFS.1L.ZF) associated with a currency crisis
Real interest rate differential The level of foreign - foreign real interest rate = US High world interest rate can lead to  (+)
(interest_diff ) and domestic interest  lending interest rate — US inflation reversal of capital flow
rate differential rate calculated from US CPI
- domestic real interest rate = lending
interest (IFS.60P.ZF) — domestic
inflation rate
Short term debt/reserves % increase in ST debt - ST debt = debt with maturity less Increase in ST debt are associated ~ (+)
(AST_debt.,) than 1 year (from BIS database) with currency crisis
- foreign exchange reserve = Foreign
exchange (IFS.1L.D.ZF)
Real Industry production % change in output - industry production (IFS.66A.ZF) Recessions often precede crisis )
sector (40utputc,)
Stock price % change in equity - equity indices Burst of asset bubble often precede  (-)

(4Equity c)

index

(IFS.62.ZF)

Ccurrency crisis

* The nominal exchange rate between the currencies of domestic country and the US, expressed as the number of US currency units per domestic
currency unit.
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Table VI: Definitions and Descriptive Statistics of Prior Literature’s Leading Indicators (Continued)

Domestic M2 multiplier, % change in M2 - M2 multiplier = M2 / Base money Rapid growth of credit (+)
financial  (AM2_multiplier,,) multiplier - M2= Money ( IFS.34.ZF) + Quasi
money (IFS.35.ZF)
- base money (IFS.14.ZF)
Domestic credit/GDP, % change in domestic - domestic credit (IFS.32.ZF) Credit expands prior to crisis (+)
(ADomes_credit,,) credit - GDP (IFS.99B.ZF)
Domestic real interest rate Domestic real interest - real exchange rate = deposit interest ~ Higher real interest rate can signal ~ (+)
(Dom_real_interest, ) rate rate (IFS.60L.ZF) — inflation liquidity crunch or have been
- inflationg =[CPI.+(CPl..1)]/(CPl...  increased to defend speculative
1) (IFS.64.ZF) attacks
Commercial bank deposits % change in - commercial bank deposits = Loss of deposits occur as crisis )
(Acomm_deposit.) commercial bank demand deposits (IFS.24.ZF) + other  unfolds
deposits deflated by deposits (IFS.25.ZF)
CPI - CPI (IFS.64.ZF)
Lending/deposit interest rate Level of lending to - lending interest (IFS.60P.ZF) Lending rates tend to rise prior to (+)
(ALD_ratio ) deposit ratio - deposit interest (IFS.60L.ZF) crisis due to decline in loan quality
Excess real M1 balances Ml deflated by - each country’s money demand Loose monetary policy canleadto  (+)
(XS_real_Ml.y) consumer prices less  equation is estimated as a function of  currency crisis
an estimated demand  real GDP, domestic CPI and time
for (=year)
money - M1 = Money (IFS.35.ZF)
- CPI (IFS.64.ZF)
- real GDP= GDP (IFS.99B.P)
Global G7 output % change in Changes - weighted average of G7 real GDP Foreign recessions often precedes )
(G7_GDP_growth,) in G7’s average real growth crisis
GDP growth - real GDP= GDP (IFS.99B.ZF) / CPI
(IFS.64.ZF)
US interest rate Changes in level of - real interest rate = nominal interest  Increase in foreign interest (+)
(US_real_interest,) US real interest rate (IFS.60L.ZF) — inflation rate associated with capital outflows
- inflation=[CPI-lag(CPI)]/(lagCPI)
(IFS.64.ZF)
Oil prices % change in oil price - oil price (IFS.0017.AAZ) High oil prices are associated with  (+)
(Oil_pricey) recessions

Notes: All leading indicator variables are measured as annual percentage changes, except (a) interest rate as changes over the previous twelve months, (b) real exchange
rate as deviation from time trend, and (c) excess M1 as residuals from money demand equation. Source: International Financial Statistics (IFS) and other sources as noted.
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Table VI: Definitions and Descriptive Statistics of Prior Literature’s Leading Indicators (Continued)

Panel B: Descriptive statistics of leading indicators

[c=country, t=year]

Variables N Mean Stn dev. Min 10% Median 90% Max
Current Account Over-valuationc, 596 0000 5959  -4480"  -3048 -0.159 3194  3997"
Importsc 582 0115  0.157 -0.558 -0.057 0.112 0.292 0.991

EXpOrtsg ¢ 587 0125  0.129 -0.216 -0.024 0.117 0.280 1.007

Capital Account Foreign exchange reserve, 619 0191  0.509 -0.806 -0.251 0.118 0.617 4.482
M2/foreign exchangeg 556 0556  4.657 -0.757 -0.284 0.039 0.732 95.74

Real interest rate differential ¢ 590 -0.506 6.803 -141.5 -0.074 -0.005 0.080 8.007

Short term debt/reserves; 199 0.266 0.873 -0.970 -0.485 0.040 1.183 5.461

Real sector Industry production, 476 0045  0.060 -0.182 -0.015 0.040 0.111 0.419
Stock prices 428 0177  0.467 -0.470 -0.179 0.117 0.525 5.948

Domestic Financial M2 multipliers. 502 0009 0255  -0984  -0.266 0.009 0.171 1.884
Domestic credit/GDP 556 0.008 0.145 -1.585 -0.092 0.018 0.113 0.603

Domestic real interest rate 577 0.527 6.881 -7.961 -0.058 0.017 0.081 1416

Commercial bank deposits; 499 0.078 0.281 -0.775 -0.043 0.062 0.197 5.521

Lending/deposit interest rate. 491 2129 3.820 0.341 1.000 1.494 2.843 52.41

Excess real M1 balances; 576 0.000 197.0  -1,510' -73.99 -0.026 44.924 1,4771

External G7 output; 619  -0013 0214  -0.407 -0.255 -0.020 0.268 0.557
US interest rate; 599 0001  0.016 -0.020 -0.014 -0.000 0.015 0.068

Oil prices; 619 0095  0.314 -0.482 -0.157 0.021 0.375 1.334

T Extreme values consist of observations from Indonesia and Mexico during periods of high inflation.
" Extreme values are driven by EU countries that have discontinuity in M2 measures post year 1999. We repeat all our empirical tests after excluding the
two variables with extreme values and find qualitatively similar results.
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Table VII: Descriptive Statistics of Country Characteristics
[c=country]

Panel A: Countries with high accounting precision

Country Country characteristic Average value of leading indicators over the sample period Cost of crises

# of firm Average ADomestic Reserve

years inflation, AveargeAGDP.  Almports;  AFXreserve;  ASTdebt. AOutput,  AEquity credit ALD ratio Growth. loss.
Denmark 2,426 0.047 0.067 0.074 0.208 0.061 0.027 0.144 0.030 2.053 0.024  -0.065
Finland 1,948 0.019 0.041 0.055 0.186 -0.195 0.027 0.070 0.011 8.746 -0.083  -0.278
Spain 1,804 0.048 0.076 0.087 0.227 0.171 0.040 0.173 0.007 2.055 -0.066  -0.206
Sweden 3,748 0.073 0.137 0.181 0.287 0.525 0.065 0.211 0.022 1.621 -0.075 0.257
Norway 2,145 0.047 0.070 0.095 0.100 0.169 0.016 0.116 0.029 0.532 -0.017 0.012
Taiwan 6,616 0.125 0.159 0.088 0.074 0.906 0.019 0.185 0.030 1.590 - -
India 4,244 0.049 0.091 0.073 0.137 0.100 0.033 0.153 0.012 1.826 -0.015 0.796
Philippines 1,524 0.079 0.113 0.146 0.075 0.915 0.020 0.113 0.003 1.487 -0.139 -0.277
France 8,582 0.103 0.138 0.166 0.202 0.334 0.118 0.239 -0.003 1.483 -0.093 0.176
Japan 23,738 0.052 0.076 0.089 0.105 0.084 0.017 0.168 0.019 2112 -0.068  -0.111
Mean 5677 0.064 0.097 0.105 0.160 0.307 0.038 0.157 0.016 2.350 -0.059 0.033
Notes:
1 1J

Growth,, = > %Aoutput, , +%Aoutput,, , — T Z%Aoutput“

t=1
Reserve loss .: Rate of annual change in foreign exchange reserves of the central bank in the fiscal year of the crisis onset.
For description of all other variables, refer to definitions in Table VI.

(Continued)
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Table VII: Descriptive Statistics of Country Characteristics (Continued)
[c=country]

Panel B: Countries with low accounting precision

Country Country characteristic Average value of leading indicators over the sample period Cost of crises
# of firm Average ADomes Reserve
years inflation,  AveargeAGDP.  Almports,  AFXreserve,  ASTdebt. AOutput AEquity _credit;  ALD ratio,  Growth, loss,
Italy 4162 0.074 0.104 0.132 0.178 0.444 - 0.153 -0.010 2.366 - 0.359
Mexico 2112 0.327 0.367 0.118 0.322 0.144 0.034 0.730 -0.017 1.909 -0.089  -0.755
Thailand 5822 0.050 0.112 0.157 0.143 0.239 - 0.052 0.025 1.790 - -0.017
Malaysia 5786 0.033 0.111 0.147 0.162 0.469 0.086 0.079 0.009 1.893 -0.151 0.000
Indonesia 2618 0.116 0.201 0.111 0.187 0.167 0.072 0.129 0.006 1.309 -0.312 0.148
Korea 6567 0.071 0.156 0.141 0.285 -0.050 0.096 0.132 0.029 1.155 -0.204  -0.407
Australia 7393 0.057 0.088 0.109 0.196 -0.008 0.022 0.112 0.031 1.713 0.023 0.012
Argentina 662 2.969 2.815 0.130 0.384 0.664 - - -0.020 1.546 - 0.362
Turkey 1344 0.545 0.650 0.125 0.177 0.029 0.059 - 0.025 1.026 -0.072  -0.008
Brazil 5393 4.492 3.946 0.077 0.185 0.131 0.018 - -0.074 3.261 -0.005 0.036
Greece 2858 0.125 0.159 0.088 0.074 0.906 0.019 0.185 0.030 1.590 - 0.537
Mean 4065 0.81 0.79 0.12 0.21 0.28 0.05 0.20 0.00 1.78 -0.12 0.02
Notes:

.
Growth,, = % O6Aoutput, , +%Aoutput, ,, )—%Z%Aoutputm
t=1

Reserve loss .. Rate of annual change in foreign exchange reserves of the central bank in the fiscal year of the crisis onset.
For description of all other variables, refer to definitions in Table VI.
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Table VIII: Definitions and Descriptive Statistics of the Realized Accounting Signals
[c=country, f=firm, t=year]

Panel A: Definitions of the realized accounting signals

Accounting Description Measure
Signal
Country median of firm level accruals scaled CurrentAccruals
by lagged total assets. — i c.fit
Accruals,, y lagg accruals,, = Median;

TotalAssets, ; , ,

Profitability,

Country median of firm level net operating
income scaled by lagged total assets.

NI c fit
TotalAssets_ ;

profitability., = Median,

Volatility

Country median of firm level operating income
volatility. Volatility is the standard deviation of
a three year backward rolling window.

o (NI NI e NE o
volatility,, = Median, (Nl A =)

TotalAssets,  , ,

Notes:

CurrentAccruals, ; , = (ACA_ ; , —ACash_ ) (ACL_ ; , —ASTDebt_ ; . —ATaxPayable, ; ) — Depreciation, ; ,

NI ; . = Net operating income

Panel B: Descriptive statistics of the realized accounting signals

Variables N Mean Std dev. Min 10% Median 90% Max
Accrualsg, 388 -0.011 0.240 -0.278 -0.057 -0.033 0.010 3.910
Profitability, 406 0.085 0.119 -0.171 0.029 0.065 0.136 1.741
Volatility, 406 0.019 0.016 0.000 0.000 0.0168 0.032 7.695

Notes: Refer to Panel A for definition of realized accounting signals.
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Table IX: Correlation Matrix of Crises Predictors

Panel A: Cross country correlation of crisis predictors (Spearman below diagonal, Pearson above diagonal)

Forei M2 inter ST  Indu Dom Dom Com Lend XS
Over gn [forei est  debt/ stry  Stoc M2 cred. real m  /dep M1
Accr  Profit Vola valua Impo Expo  reser gn rate  reser  outp k  multi /GD  inter depo inter balan
uals  ability tility tion rts rts ve EX diff Ves ut  price ple P est sit est ces
Realized accounting signals (see Table VII1)
Accrualsg 062 005 -001 -008 004 006 067 -069 002 004 027 -018 -002 069 -025 -0.05 -0.01
Profitability.; | 0.37 023  -003 001 o001 002 031 -077 -003 -001 033 -016 -028 077 -009 -0.12 -0.04
Volatility,, = -0.18  -0.03 015 -001 000 -008 -0.03 -0.07 001 -017 -0.02 -0.06 -009 007 -0.10 -0.06 0.3
Prior literature's leading indicators (see Table VI)

Over-valuation,; -027  -025 021 -0.02 -0.03 -002 000 -000 005 -013 000 -0.03 -006 0.00 -0.04 002 -0.01
Imports;;  0.20 0.26 -0.04 -0.13 046 001 -006 007 022 054 011 004 -023 -006 -0.02 -0.05 -0.05
Exports,;  0.11 021 0.03 -007 0.59 011 005 007 015 038 008 009 -0.05 -007 012 -0.09 -0.00
Foreign EX reserve;;  0.11 015 -010 -0.09 002 0.07 -0.06 0.08 -042 005 013 -0.07 -006 -008 006 -0.00 -0.06
M2/foreign EX reserve;;  0.21 019 013 -008 009 002 -0.70 -041 025 -001 003 -021 000 041 079 -012 0.02
Real interest diff,, 002 -006 -0.12 -0.02 010 -0.04 002 -0.07 -001 010 033 023 047 -090 010 -0.00 -0.01
ST debt/reserves,, 004 -005 -009 -012 017 009 -045 031 0.04 005 -002 010 002 -0.03 0.7 -0.10 -0.06
Industry productions;  0.16 025 -015 -0.11 057 044 010 005 -0.01 -0.08 017 005 003 -010 013 -010 0.02
Stock prices,; ~ 0.00 031 -0.07 001 023 019 013 -0.09 006 -006 034 0.09 -006 -034 005 -0.09 -0.26
M2 multiplier, ~ 0.11 006 -0.05 -004 006 011 -002 011 010 016 0.06 -0.09 033 -023 004 -010 -0.10
Domestic credit/GDP;;  0.19 010 -015 -014 -013 -0.16 -0.13 022 -004 009 -0.03 -0.06 0.9 -047 060 -0.04 0.0
Domestic real interest;;, -0.05 012 -0.07 -001 -014 001 -007 015 -058 -0.04 003 -0.01 0.02 023 -0.10 -0.09 0.02
Com. bank depositsc,t 0.15 024 -0.09 -0.19 0.16 0.19 0.12 0.19 -0.20 0.05 0.21 0.10 0.26 0.44 0.34 -0.14 0.03
Lend./dep. Inter. rate;; -0.17 -0.39 0.06 0.16 -0.06 -0.11 -0.07 -0.212 -0.24 -001 -0.10 -0.01 -0.16 -0.18 -0.46 -0.26 -0.01

XS real M1 balances;; -003 -006 004 -006 -007 -005 -009 -003 -011 001 -004 -008 -017 002 009 003 003

Refer to Table VI and Table VIII for variable definition. Bold figure denotes significance at 95% level.
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Table IX: Correlation Matrix of Crises Predictors from 1981 to 2005 (Continued)

Panel B: Time series correlation of accounting signals (Spearman below diagonal, Pearson above diagonal)

Accrualsg .2 Accrualsg .1 Accrualsg Profitabilityc o Profitabilityc .1 Profitabilityc Volatilityc -2 Volatilitye 1 Volatilityc
Accrualsg ., 0.492 0.092 -0.929 -0.626 -0.079 0.628 0.037 0.028
Accrualsg g 0.564 0.492 -0.330 -0.928 -0.626 0.499 0.626 0.038
Accrualsg 0.451 0.560 0.025 -0.330 -0.928 0.230 0.498 0.624
Profitability. ., -0.217 0.018 0.066 0.510 0.033 -0.328 0.131 0.147
Profitability; 1., -0.012 -0.224 0.007 0.549 0.510 -0.477 -0.325 0.132
Profitability ; -0.009 -0.030 -0.240 0.464 0.559 -0.070 -0.473 -0.321
Volatilityg.» 0.401 0.428 0.366 0.570 0.424 0.321 0.336 0.313
Volatilityg . 0.336 0.391 0.404 0.545 0.573 0.435 0.831 0.341
Volatility, 0.236 0.312 0.369 0.500 0.553 0.581 0.666 0.831

The sample is described in Table | and Table Il. Refer to Table VIII for definitions of accounting signals. Bold figure denotes significance at 95% level.
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Table X: Multivariate Analysis of Crisis Prediction Using Realized Accounting Signals

Model (see Table I for crises onset years):

3 . -
D _Crisis,, =+ Y_ ' x AccountingSignal

c,t—-n

i=1

[c=country; t=year]

18
+ Y 7" xLeadinglIndicators,,_, +¢&,,

Predictive Predictive Concurrent
[n=-2] [n=-1] [:n =0]
dF - dF
—  (z-stat) — (z — (z- stat)
dX stat) dX
Table VIII’s Realized accounting signals (= Bi )
Accrualsg; - -0.0948 (-0.88) -0.2090™  (-357)  0.2470™"  (4.24)
Profitability, -0.1231 (-0.75) 0.4980™ (2.86)  -0.5846™  (-3.10)
Volatility,, + 1.6267 (1.92) -1.3254 (-1.37) 34562  (4.08)

F- test [Prob > :

¥*(3) =3.84 [0.279]

x?(3)=17.97 [<0.001]

Table VI’s prior literature’s leading indicators and time trend (= Vk )

x(3)=29.59 [<0.001]

Over-valuation,; - -0.0006™ (-2.59) -0.0003" (-2.49)  -0.0000"  (-2.28)
Imports,;  + -0.1084 (-1.09) 0.0000 (0.00)  -0.3416™  (-3.15)
Exportsg; - 0.3471" (2.55) -0.1311 (-1.04) 0.1756 (1.44)
Foreign exchange reserve.; - 0.0256 (0.62) 0.0007 (0.02)  -0.1203™  (-3.01)
M2/foreign exchange,, reserve,; + -0.0107 (-1.83) 0.0140 (1.81)  0.0208™  (3.53)
Real interest rate differential;; + -0.0607 (-0.23) -0.5530" (-2.08) -0.1168 (-0.81)
Short term debt/reserves;; + 0.0088 (0.41) -0.0121 (-0.51) 0.0429" (2.40)
Industry production,; - 0.2173 (0.89) -0.6776 (-1.76)  -0.6979"  (-2.46)
Stock pricess; - -0.1145 (-1.31) -0.1019 (-1.11)  -0.1811"  (-2.68)
M2 multiplier,, + -0.0747 (-1.01) -0.1283 (-1.49) 0.0514 (0.95)
Domestic credit/GDP,;  + 0.2467" (2.48) 0.2059 (1.71)  -0.3535"  (-2.65)
Domestic real interest rate;; + -0.0551 (-0.21) -0.5564" (-2.10) -0.1209 (-0.84)
Commercial bank deposits.; - 0.1282 (0.78) -0.4644™ (-3.00) 0.2306 (1.33)
Lending/deposit interest rate;;  + -0.0356 (-1.76) -0.0452" (-2.34) -0.0220 (-1.95)
Excess real M1 balances;; + 0.0001" (2.43) 0.0002" (2.65)  0.0001™ (2.64)
G7 output, - -0.0960 (-1.08) -0.1243 (-1.72) 0.0501 (0.99)
US interest rate,  + 2.3744 (1.61) 2.0254 (0.85) 1.3749 (0.85)
Oil prices, + 0.1136 (1.53) 0.0988 (1.25) -0.0024  (-0.04)
Year, -0.0099" (-2.55) -0.0018 (-0.48)  -0.0128"™"  (-4.47)

Country Fixed Effects Yes Yes Yes

Standard Error clustering on year Yes Yes Yes

# country years 331 351 371

Mc Fadden’s R 0.281 0.283 0.459

Mc Fadden’s R? (excluding 0.245 0.245 0.377

accounting signals)
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Notes:
D _ Crisis ., is an indicator variable indicating the onset of currency crises. See Table I and Table 11 for

crisis onset years. Refer to Table VI and Table VIII for the definitions of leading indicator variables and
accounting signals. Reported coefficients represent the marginal effect averaged over all observations.

InL . . . .~ .
McFadden's R? =1———,where L is the likelihood from the estimated model and L, is the likelihood

In L0

from a model containing only a constant.
T * ** denote significance at the 95%, 97% and 99% levels.
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Table XI
Crisis Prediction Using Realized Accounting Signals: The Accounting Precision Dichotomy
[c=country, t=year]

Model (see Table I for crises onset years):

3 . . 3 . . 18
D _crisis,, =>_ A, x[1., x Accountingignal,_,1+>_ ! x[I. x Accountingignal, 1+ 7" x LeadingIndcator,_, +&,,
i=1

i=1
D_ CriSiSc,x =1 ina crisis onset year (see Table I), 0 otherwise.

ICH =1 if country has high accounting precision, 0 otherwise.

ICL =1:if country has low accounting precision, 0 otherwise.

k=1

Predictive Predictive Concurrent Aftermath
[n=-2] [n=-1] [n=0] [-n=+1]
dF dF dF dF
sign —_— (z-stat) —_— (z-stat) —_— (z-stat) —_— (z-stat)
dXx dXx dXx dXx
Table VI11°s Realized accounting signals (= ')
Accrualse: g, - 0.627 (0.92) 0215  (0.26) 0.014 (0.02) -0.994™  (-3.29)
pLo- -0.162  (-0.55) -0.206™  (-3.50) 0.241™  (4.05) 0.241 (0.55)
Profitability., g2 - 0.192 (0.33) -0.497  (-0.74) -1.770°  (-1.96) -1.908"  (-3.18)
pE - -0.160  (-0.79) 0.455°  (2.42) -0.5677"  (-3.30) -0.758™  (-3.45)
Volatilityey g2 + 1577  (0.51) -1.925  (-0.74) 2.189 (0.93) 4.186 (1.82)
BE o+ 1.741 (1.89) -1.625  (-1.62) 3.012™  (3.53) 4.428™  (3.74)

F- testof /3, s [Prob > 7 * (3) = 1.18 [0.758]

F-testof s [Prob>y’]: % (3) = 3.71[0.295]

% (3) = 1.31 [0.726]

x?(3) =14.17 [0.003]

¥*(3) = 6.17 [0.104]

v%(3)=29.82 [<0.001]

x%(3) = 26.62 [<0.001]

x%(3) = 17.67 [<0.001]
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Table XI (Continued)
Crisis prediction using realized accounting signals: The accounting precision dichotomy

Predictive Predictive Concurrent Aftermath
[n=-2] [n=-1] [n=0] [-n=+1]
Table VI’s prior literature’s leading indicators and time trend SZ ’yk ) N N

Over-valuationg; - -0.001 (-2.46) -0.000 (-2.60) -0.000 (-2.11) -0.000 (-1.48)

Imports,  + -0.112 (-1.01) -0.031 (-0.38) -0.332™"  (-3.33) 0.006 (0.06)

Exportse; - 03727 (2.97) -0.105 (-0.87) 0.181 (1.52) 0.428™ (3.21)

Foreign exchange reserveg; - 0.028 (0.69) -0.008  (-0.20) -0.121" (-2.99) 0.065™ (2.83)

M2/foreign exchange. reservec;  + -0.011"  (-1.97) 0.013 (1.81) 00207 (371) 00227 (2.80)

Real interest rate differential,y — * -0.068  (-0.27) -0.508  (-1.93) -0.095 (-0.73) 0.160 (0.87)

Short term debt/reservesg + 0.008 (0.34) -0.014 (-0.61) 0.041" (2.21) -0.023 (-0.53)

Industry productiong; - 0.244 (1.03) -0.610  (-1.56) -0.693™ (-2.72) -0.619°  (-1.98)

Stock prices. - -0.122 (-1.32) -0.085 (-0.92) -0.174" (-2.53) -0.062 (-1.07)

M2 multipliers,  + -0.077  (-1.11) 0119 (-1.32) 0.044 (0.79) 0.012 (0.19)

Domestic credit/GDP.;  *+ 0.229"  (2.07) 0.174 (1.72) -0.344™ (-2.82) -0.151 (-1.40)

Domestic real interest ratecyt + -0.062 (-0.24) -0.511 (-1.95) -0.099 (-0.76) 0.142 (0.79)

Commercial bank depositse; - 0.173 (0.96) -0.4337"  (-3.35) 0.212 (1.28) -0.115 (-1.02)

Lending/deposit interest rate ¢ + -0.035 (-1.76) -0.044" (-2.26) -0.020 (-1.75) -0.008 (-0.79)

Excess real M1 balancesg;  + 0.000"  (2.45) 0.000"  (2.25) 0.000" (2.23) -0.000 (-0.83)

G7output, - -0.091  (-1.03) 0126  (-1.75) 0.043 (0.90) -0.017 (-0.25)

US interest rate,  + 1.983 (1.34) 2.023 (0.88) 1.805 (1.10) 0.046 (0.03)

Oil prices;  + 0.103 (1.34) 0.107 (1.40) 0.015 (0.26) -0.049 (-0.56)

Year, -0.009°  (-2.21) -0.002 (-0.57) -0.013™  (-4.76) -0.008" (-2.12)
Country Fixed Effects Yes Yes Yes Yes
Standard Error clustering on year Yes Yes Yes Yes
# of country years 331 351 371 371

Notes:
D _Crisis ., is an indicator variable indicating the onset of currency crises. See Table | and Table Il for crisis onset years. Refer to Table VI and Table

VIII for definitions of the leading indicator variables and accounting signals. Reported coefficients represent the marginal effect averaged over all
observations. T, *, ** denote significance at the 95%, 97% and 99% levels.
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Table XI1: Crisis Prediction Using Individual Accounting Signals
[c=country, t=year]

Model:
D _crisis,, = B, x[l¢, x AccountingSignal, ,]+ 8, x[l,_x AccountingSignal ]+

18
> ¥ x LeadinglIndcator); , + &,
k=1

D_ crisism = 1ina crisis onset year (see Table I), 0 otherwise.
ICH =1:if country has high accounting precision , 0 otherwise.

ICL =1:if country has low accounting precision, 0 otherwise.

1) ) 3 4)
i dF dF dF dF -
s1gn —_— (z-stat) —_— (z-stat) —_— (z-stat) —_— gat)
dX dx dX dX
Table VIII’s Realized accounting signals (= ')
Accrualsg B - 0.8843  (1.23)
H
5 - 014717 (-2.09)
L
Profitability. B - -0.3614  (-0.58)
H
2 _ 0.3329™  (2.65)
A
Volatility, B+ -3.5250  (-1.30)
B+ 0.2408  (0.26)
CFO.; g - -0.1036  (-0.24)
H
. _ 0.1850  (1.79)
BL
Leading indicators from
Table VI and time trend Included Included Included Included
Country Fixed Effects Yes Yes Yes Yes
Standard Error Yes Yes Yes Yes
clustering on year
Notes:
D _Crisis ., is an indicator variable indicating the onset of currency crises. See Table | and Table Il for

crisis onset years. Refer to Table VI and Table VIII for the definitions of the accounting signals and
leading indicator variables. CFO is cash flow from operations and is computed as

CFO, ;,

CFOCt = Medianf Tt I Aot
: TotalAssets, ;

J . Reported coefficients represent the marginal effect averaged
over all observations.

T * ** denote significance at the 95%, 97% and 99% levels.
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Table XI1I: Institutional Factors and Endogenous Policy Effects
[c=country; t=year]

Model:

3 3
D_Crisis,, =a+Y_ B} x[l., x AccountingSignal,_ ]+ >_ B! x[l., x AccountingSignal
i=1 i=1

18
+ Y 7" x LeadinglIndicators ,_ +¢,,
k=1

I, =1:if country rank of law enforcement is below the sample median, O otherwise.

I, =1:if country rank of law enforcement exceeds the sample median, 0 otherwise.
(Note: lower rank indicates higher quality. See Table V, Panel A.)

Panel A: Crises prediction using accounting signals in high and low enforcement countries

i
c,t-n

Predictive Concurrent Aftermath
[-n =-1] [-n =0] [-n=+1]
dF dF dF
Si —_ -stat —_ -stat —_— -stat
ign X (z-stat) X (z-stat) X (z-stat)

Table VI11°s Realized Accounting Signals (= 3" )

Accruals B -

BL -

Profitability ¢ B -
BL -

Volatility B+
Bl +

F- test of A3/, s [Prob>y’:

F-testof 3] s [Prob > y:

Leading indicators from Table
VI and time trend
Country Fixed Effects

Standard Error clustering on year

# country years

-0.045 (-0.07)
02077 (-3.73)
0.530 (0.90)
0.461" (2.94)
-2.858 (-1.41)
-1.317 (-1.58)
v2(3)=3.81[0.283]

¥?(3) = 19.88 [0.002]
Included

Yes
Yes

351

0219  (-0.31)
0.246™  (3.65)
-0.367  (-0.61)
05177 (-2.77)
0322 (-0.16)
26147 (3.43)
¥*(3)=0.38[0.945 ]

%% (3) = 22.83 [<0.001]
Included

Yes
Yes

371

-1.209" (-2.49)
0.839" (1.96)
-0.856" (-2.04)
-0.809"  (-2.59)
2.742 (1.58)
42107 (3.99)
¥ (3) =9.05[0.028 ]

¥?(3) = 19.96 [ <0.001]
Included

Yes
Yes

371

Notes:
D _ Crisis

c,t

is an indicator variable indicating the onset of a crises. See Table | and Table Il for crisis

onset years. Refer to Table VI and Table VIII for the definitions of the accounting signals and leading
indicator variables. Reported coefficients represent the marginal effect averaged over all observations.
T, * ** denote significance at the 95%, 97% and 99% levels.
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Table XI1I: Institutional Factors and Endogenous Policy Effects (Continued)
[c=country; t=year, P=non-overlapping period over which accounting precision is measured]

Model:

3 3

D_Crisis,, =a+Y_ B, x[l, .. x AccountingSignal;, 1+ > B! [l ., x AccountingSignal,, ]

i=1 i=1

18
+ > 7" x LeadingIndicators_,_, +¢,,
k=1

lonp. =1 ifMean {Rank  (AQ. ,_,)}is below the corresponding period’s sample median( ¢ € P)

I, ». =1 if Mean {Rank(AQ. ,_,)}exceeds the corresponding period sample median( ¢ € P), else 0.
Note that lower rank indicates higher accounting precision. See Table V, Panel C.

Panel B: Crises prediction using time-varying measures of accounting precision (measured
across 5-year non-overlapping periods)

Predictive Concurrent Aftermath
[n=-1] [:n =0] [-n=+1]
dF dF dF
Sign —_— (z-stat) —_— (z-stat) —_— (z-stat)
dX dX dX
Table VI11°s Realized accounting signals (= ')
Accrualsg Bl - 0215 (0.26) 0.014 (0.02) -0.994™ (-3.29)
Bl - -0.206™" (-3.50) 0.241™" (4.05) 0.241 (0.55)
Profitability.; g2 - -0.497 (-0.74) -1.770" (-1.96) -1.908™ (-3.18)
B - 0.455" (2.42) 05677 (-3.30) -0.758™" (-3.45)
Volatility B+ -1.925 (-0.74) 2.189 (0.93) 4.186 (1.82)
pE+  -1625 (-1.62) 3.012™ (3.53) 4.428™ (3.74)
F- test of 3!, s [Prob >¢: 1 (3)=131[0.726] ¢ (3)=6.17[0.103]  »*(3)=26.62[<0.001]
F-testof /s [Prob>»’: x%(3) = 14.17 [0.003] x?(3) =29.82 [<0.001]  »*(3)=17.67 [<0.001]
Leading indicators from Table Included Included Included
VI and time trend
Country Fixed Effects Yes Yes Yes
Standard Error clustering on year Yes Yes Yes
# country years 351 371 371

Notes:
D _Crisis ., is an indicator variable indicating the onset of a crises. See Table I and Table Il for crisis

onset years. Refer to Table VI and Table VIII for definitions of the accounting signals and leading
indicator variables. Reported coefficients represent the marginal effect averaged over all observations.
T * ** denote significance at 95%, 97% and 99% levels.
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Table XIV: Sensitivity Analysis
[c=country; t=year]
Model:

3 3
D_BCrisis,, =a +_ B x[l., x AccountingSignal.,_, 1+ >_ B! x[l._x AccountingSignal., ]
i=1 i=1

c,t-n c,t-n

18
+ > 7" x LeadinglIndicators,,_, +¢,
k=1

)t

ICH = 1: if the country has high accounting precision, 0 otherwise

ICL = 1. if the country has low accounting precision, 0 otherwise.

Panel A: Crises prediction of 32 banking crises

Predictive Concurrent Aftermath
[n=-1] [:n =0] [-n=+1]
dF dF dF
Sign R (z-stat) B (z-stat) —_— (z-stat)
dX dX dX
Table VI11’s Realized accounting signals (= ﬁi )
Accruals Ig; - 0.192 (0.32) -0.231 (-0.41) -0.881 (-1.87)
Bl - -0.166™"  (-3.54) 0.322™  (4.20) 1.092°  (2.27)
Profitabilityce g2 - 0.424 (0.73) -0.095 (-0.18) -0.775  (-1.85)
pE - 0.489™ (3.36) -0.340 (-1.80) -0.831™  (-2.75)
Volatility ﬂf‘ + -2.239 (-1.12) 0.989 (0.60) 3.298 (1.74)
pE o+ -1.676" (-2.17) 1.657 (1.85) 3.6947  (3.62)
F-test of S} s x*(3) = 3.32 [0.345] x*(3) = 0.59 [0.899] x%(3) = 7.25 [0.064]
[Prob >y°]:
F-testof f3|'s ¥?(3) = 17.99 [<0.001] ¥? (3) =28.71 [<0.001] ¥%(3) = 18.81 [0.003]
[Prob >?]:
Leading indicators from Included Included Included
Table VI and time trend
Country Fixed Effects Yes Yes Yes
Standard Error clustering Yes Yes Yes
# country years 351 371 371

Notes:

D _ BCrisis ., is an indicator variable indicating the onset of banking crises (Financial excess and
Sovereign debt in Table 1). See Table 1 and Table 11 for crisis onset years. Refer to Table VI and Table
VIII for definitions of the accounting signals and leading indicator variables. Reported coefficients
represent the marginal effect averaged over all observations.

T * ** denote significance at 95%, 97% and 99% levels.
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Model:

Table XIV: Sensitivity Analysis (Continued)

[c=country; t=year]

c,t-n

3 3
D _Crisis,, =a+ Y B, x[l., x AccountingSignal, 1+ >_ B! x[l._x AccountingSignal
i=1 i=1

18
+ > 7" x LeadingIndicators__, +&,
k=1

)t

ICH =1: if the country has high accounting precision, 0 otherwise.

ICL = 1. if the country has low accounting precision, 0 otherwise.

Panel B: Crises prediction with alternative classification of high and low accounting precision

i
c,t-n

]

countries
@) ) ®3)
Predictive Predictive Predictive
[n=-1] [n=-1] [n=-1]
dF dF dF
Sign —_— (z-stat) —_— (z-stat) —_— (z-stat)
dx dX dX
Table VI11°s Realized accounting signals (= ')
Accruals ﬂi' - 0.786 (0.81) 1.295 (1.07) 0.453 (0.38)
B - -0.209™  (-3.47) -0.226%** (-3.40) -0.260%** (-3.78)
Profitabilitye, 32 - -0.399  (-0.61) -0.344 (-0.49) -0.019 (-0.02)
B - 0.434"  (2.34) 0.485** (2.74) 0.615%* (2.66)
Volatilitye, 7 + -1.529  (-0.59) -1.012 (-0.43) -2.231 (-0.83)
B+ -1.675  (-1.62) -1.496 (-1.49) -1.772 (-1.38)

F- test of A/, s [Prob > 7]

F-testof /3] s [Prob > 4]

Countries that change accounting
precision categories from Table V

Countries dropped from Table V

Leading indicators from Table VI
and time trend

Country Fixed Effects
Standard Error clustering on year
# country years

¥*(3) = 1.62 [0.655]

¥2(3) = 13.40 [0.004]

Italy, Mexico

Included

Yes
Yes
351

¥*(3) = 1.77 [0.622]

x%(3) =13.82[<0.001]

Italy, Mexico, France, Japan

Included

Yes
Yes
351

¥%(3) =0.97 [0.808]

¥2(3) =16.25 [0.001]

Italy, Mexico, France, Japan

Included

Yes
Yes
275

Notes:
D _ Crisis

.« Is an indicator variable indicating the onset of a crises. See Table | and Table II for crisis onset years.

Refer to Table VI and Table VIII for definitions of the accounting signals and leading indicator variables. Model
(1) defines the precision threshold as the sample mean of the composite country index (see Table 1V). Model (2)

defines precision threshold using Mean.[rank_ (AQ}), rank_(AQ?), rank_(AQ?)] as the composite index.

Model (3) drops the four countries that are closest to the precision threshold. Reported coefficients represent the
marginal effect averaged over all observations.

T, * ** denote significance at 95%, 97% and 99% level.



Model:

3 3
D_Crisis,, =a+Y_ B} x[l., x AccountingSignal;, 1+ >_ B! x[l.,_ x AccountingSignal,
i=1 i=1

18
+ Y 7" x LeadingIndicators,,_ +¢,
k=1

Table XIV: Sensitivity Analysis (Continued)

[c=country; t=year]

)t

c,t-n

ICH = 1: if the country has high accounting precision, 0 otherwise.

ICL = 1:if the country has low accounting precision, 0 otherwise.

Panel C: Crises prediction using realized accounting signals in the tradable sector

c,t-n

Predictive Concurrent Aftermath
[n=-1] [:n =0] [-n=+1]
. dF dF
Sign —_— (z-stat) —_— (z-stat) —_— (z-stat)
dXx dXx
Table VI11°s Realized accounting signals (= ')
Accrualsey Bl - -0.291 (-0.39) 0.580 (0.85) -0.832" (-2.17)
Bl - -0.585" (-2.38) -0.052 (-1.00) 0.256  (0.61)
Profitability.: 2 - -1.302 (-1.69) -2.325" (-2.60) -1.343"  (-2.28)
B2 - 0.360 (1.45) -1.255™  (-5.51) -0.722"  (-3.07)
Volatility.; g3 + -2.788 (-1.18) 2.564 (1.18) 4299  (1.87)
B+ -1.714 (-1.70) 3.0257  (3.93) 4314™  (3.85)
F-testof s ¥’ (3) =4.40 [0.221] x%(3) = 9.01 [0.029] %% (3) = 13.08 [0.004]
[Prob > ]
F-testof f3|'s ¥%(3) = 12.73 [0.005] ¥? (3) =49.23 [<0.001] v%(3) = 18.01 [<0.001]
[Prob > ]

Leading indicators from
Table VI and time trend
Country Fixed Effects
Standard Error clustering
# country years

Included

Yes

Yes
351

Included

Yes

Yes
368

Included

Yes

Yes
368

Notes: Following Tornell and Westermann (2005), tradable sector is defined as all sectors excluding
wholesale, retail trade, utilities, and transportation industries (ICB classification code: 2350, 5370, 5750,
7530, and 7570). D _Crisis ., is an indicator variable indicating the onset of currency crises. Refer to
Table V for specific countries included in high versus low accounting precision groups. Refer to Table VI

and Table VIII for definitions of the leading indicator variables and accounting signals. Reported
coefficients are average marginal effects, the mean marginal effect evaluated at each observation.

T * ** denote significance at 95%, 97% and 99% level.
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Asset’s Initial
Fundamentals

Figure 1: Timeline of Recent Crises Models
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Figure 2:

[c=country; t=year]

Panel A: Accruals,;
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Panel B: Profitability.;
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0.04

0.01

Figure 2: Realized Accounting Signals Before and After 39 Crises Episodes (Continued)
[c=country; t=year]
Panel C: Volatility.

0.03 003

0.02 002 ] nertinnngepppagurerst sttt
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3 -2 -1 Crisis 1 2 3 -3 -2 -1 Crisis 1 2 3 4 -2 -1 Tranquil 1 2 3 3 2 1 Tranguil 1 2 3
Crisis years Crisis years Tranquil years Tranquil years

- Countries with low accounting precision -Countries with high accounting precision -Countries with low accounting precision -Countries with high accounting precision

Notes: See Table I and Table Il for crises onset year and Table V111 for definitions of each accounting signal. Low and high accounting precision countries are
defined in Table IVV. ‘Tranquil’ years are all years that are not within 24 months before and after an onset of a currency crisis. The horizontal axes represents the
number of years before and after a crisis (or tranquil) year. The vertical axes represent the level of realized accounting signals. The solid line represents the
country median of realized accounting signals before and after the crises (or tranquil) years. The bands represent the upper and lower 25% quartiles of the
realized accounting signals.
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