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Abstract

The aim of this paper is to apprehend the information uncertainty inherent to stocks of U.S. firms around their filing
for reorganization procedure. To this end, a Generalized Auto-Regressive Conditional Heteroscedasticity (GARCH)
model is proposed to analyze information uncertainty (volatility is used as a proxy) around the filing announcement
for reorganization procedure (chapter 11) of 435 U.S. firms during the period 2000-2012. Our results show that the
volatility of stock returns generally increases on and after the announcement date for bankruptcy procedure but also
that shocks may be observed at different periods. This study may be of interest for investors considering distressed
stocks as a potential element of diversification.
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1. Introduction

In the United States, the use of a bankruptcy protection law has become common practice regardless of industry or
company size (Altman, 1999). The recent financial crisis forced many companies to place themselves under the
protection of Chapter 11 (reorganization procedure) of the U.S. law on corporate bankruptcies. Since then, the U.S.
media suggested more investment opportunities in the equities of such companies (Li and Zhong, 2013). However,
academic research remains relatively discreet about the analysis of stock prices of firms during the reorganization
process. This lack of research is likely to be attributed to the difficulty to access to the information on stocks linked
to companies under the reorganization process. Indeed, due to serious financial difficulties, most of these companies
do not meet the listing criteria’s on major exchanges anymore (such as the New York Stock Exchange - NYSE - and
the National Association of Securities Dealers Automated Quotation - NASDAQ) and are forced to transfer their
securities on an Over The Counter (OTC) market on, before or after the announcement date of filing for Chapter 11.
Compared to main exchanges, OTC markets do not impose SEC filings, do not perceive any fee from the issuer and
do not require information disclosure to investors. As a consequence, the transfer of the stocks to such a trading
market increases the information uncertainty. Moreover, no tick rules are mentioned and prices may vary a lot. Most
of the databases used by academics do not allow access to market data after the change of trading market. As a
consequence, the academic literature is mostly provided with regard to stocks prices before the announcement date
for Chapter 11 (Warner, 1977; Aharony, Jones and Swary, 1980; Clark and Weinstein, 1983) and following the
emergence of the reorganization procedure (Hotchkiss, 1995; Eberhart, Altman and Aggarwal, 1999; Cunney and
Thomas, 2004). This paper exploits a database that shows stock prices of US firms during the reorganization
procedure.

Another reason that could also explain the lack of publication in this area is the alleged lack of activity related to this
market segment. Contrary to popular belief, there is a relatively active market for the exchange of securities under
Chapter 11. According to Li and Zhong (2013), more than half of these shares are subject to daily exchanges. These
authors also report a transfer of ownership from institutional to individual investors, the latter representing 90% of
the shareholding companies under court protection. As per Barber and Odean (2000), individual investors are less
likely to collect and interpret available information. Moreover, the flight of institutional investors leads to a loss of
analysts covering those securities, informational uncertainty, therefore, increases dramatically following the
implementation under judicial protection, and with it, the heterogeneity of beliefs as to the actual value of these
stocks. The few studies concerning the analysis of stock prices during the reorganization process (Morse and Shaw,
1988; Gilson et al, 1990; Datta and Iskandar-Datta, 1995; Lease et al., 1996; Hotchkiss and Mooradian, 1997;
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Altman, 1998; Indro et al, 1999; Chi and Tang, 2005; Bamber et al., 2007; Chi and Tang, 2007; Bré&lart and Finet,
2012; Li and Zhong, 2013; Li, 2013) did focus on stock returns. Due to the move to an OTC market, the transfer of
ownership from investors to individual investors and the subsequent loss of analysts covering those securities,
information uncertainty is an important characteristic of stocks of firms under chapter 11. The novelty of this paper
lies in the analysis of the volatility of stock returns of firms under chapter 11 around their filing for reorganization
procedure. In the literature, volatility is identified as a standard measure of information uncertainty (Zhang, 2006).
Thus, the objective of this article is to apprehend the information uncertainty inherent to stocks of U.S. firms around
reorganization announcements. To this aim, the stock prices of a sample of 435 firms having filed for chapter 11
were recorded. These firms were chosen as they were previously listed on the NYSE and NASDAQ, had announced
their recourse to legal process of reorganization (the Chapter 11) between 2000 and 2012 and had to transfer their
stocks to an OTC market. The analysis of the volatility is performed on two sub-periods : from 100 to one day before
the announcement date of filing for Chapter 11 and from one to 100 days after this date. Given the nature of the
panel database, we use GARCH (Generalized Auto-Regressive Conditional Heteroscedasticity) modeling (Bollerslev,
1986) in order to explore information uncertainty during a period near the insolvency event.

Our results show that two common factors characterizing the studied series can be pointed out. First, the volatility of
stock returns (or the information uncertainty) increases in the second period for the majority of series. Second,
volatility becomes more important at and around the announcement date for bankruptcy.

From the information available, it appears that this is the first study using the GARCH modelling to analyse the
information uncertainty (through volatility) of firms under the reorganization process. The results of this study
realized on a time horizon of twelve years contribute to the literature regarding the analysis of stocks under
reorganization procedure.

The rest of the article is as follows. The second part will present the population and detail the methodologies used.
The third part of this article will present the results. The last section will discuss the results and propose some
research avenues.

2. Material and Methods
2.1 Data and Sources

The sample used in this study consists of 435 firms originally quoted on the NASDAQ and the NYSE that filed for
Chapter 11 of the United States Bankruptcy Code from January 2000 to December 2012 and transferred their
quotation to an OTC market. For each of those firms, daily stock prices were collected over a period of two hundred
days around the filing date for Chapter 11 (from 100 days before to 100 days after the announcement date for chapter
11). Bloomberg database was used to identify companies and to collect financial data.

2.2 Volatility

In the literature, volatility is identified as a standard measure of information uncertainty (Zhang, 2006). Therefore,
the main variable that is analyzed in this article is the volatility of stock returns. The latter is obtained by considering
the square returns; the daily returns being calculated as the logarithmic difference of the stock price. Even though the
observation period is identical for the 435 firms, the financial distress event takes place on a different date for each
firm. Therefore, we choose time series modelling as an alternative approach to characterize the evolution of stock
returns over a period of 201 days.
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Figure 1. Stock returns (a) and square stock returns (b) for the 435 series on the entire observation period (201 days)
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Figure 1 reports two important information. First, for all the series, the returns variation is small during the first 100
days before the distress event compared to the second half of the period (see figure 1a). Second, as shown on figure
1h, the variation of stock returns expressed by the volatility indicator is more important in the second period.
Moreover, the daily stock returns exhibit a clustering structure during the whole examined period (see figure 1a). The
variation of stock returns around the mean is less important and more stable during the first 100 days then becomes
strong throughout the last 100 days. This variation is not constant, but rather is increasing with time.

Moreover, the empirical distribution of stock returns (see figure 2a) has a leptokurtic density, tent-shaped and has fat
tails as it is often observed in the empirical studies on financial markets (Baillie et Chung, 2001, Wilhelmsson, 2006,
Drakosa et al., 2010). The graph of the empirical quantiles leads to the same conclusion (see figure 2b).
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Figure 2. Empirical distribution (a) and quantile (b) of stock returns
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2.3 Garch

The clustering volatility combined to a fat tails distribution of stock returns suggest the use of a GARCH
(Generalized Auto-Regressive Conditional Heteroscedasticity) model (Bollerslev, 1986) in order to analyze the
volatility during the period around the insolvency event. The use of the classical ARMA model is not appropriate in
this case because the latter does assume a constant volatility. GARCH model is a generalization of the former ARCH
(Auto-Regressive Conditional Heteroscedasticity) model that was introduced by Engle (1982). Formally, the ARCH
model can be written as follows:

Ve = BX: + & €))
With, &, ~ NV (0,02)
0f =+ arel g+ ayel, + ot aget g =ag+ X, aiel
With: ¢y >0and a; >0 Vv,
The main interest of this kind of modelling is that it focusses on the variance equation (2) rather than on the mean

equation (1) of the model. The variance equation is expressed as a sum of the squared past events. Bollerslev (1986)
generalized the initial ARCH model to the GARCH model by adding lagged variance terms to the equation (2).

(2)

The variance equation of the ARCH(q) model in GARCH(p,q) version becomes:

2 _ q 2 p 2
of =gt X &+ ijl Bj O¢—j 3)

With: ag >0, a; >0, ,Bj 2 Vi,Vj

The GARCH(p,q) model presents a more parsimonious representation of the conditional variance than the ARCH
model. Several extensions of the GARCH model are developed in the literature to take into account other aspects
such as the asymmetric information (EGARCH) or the threshold effects (TGARCH). As we do consider many series
in our study (435), we do focus our attention only on those for which the basic GARCH model seems to be an
appropriate choice.

3. Results

The mean of standard deviation for the first period is 0.16, while it is equals to 0.38 for the second period (see table
1). The standard deviation corresponding to the insolvency day (101st) is equal to 0.54 for the whole sample. If we
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calculate the standard deviation by day, the value obtained for the day 101 is among the five highest values of the
whole sample. In ascending order, these values are 0.54, 0.56, 0.57, 0.60 for the days 186, 166, 194 and 200,
respectively. It thus appears that the more the time passes, the more volatility increases.

Table 1. Descriptive statistics (Mean, standard deviation) per period for the 435 series

OBS MEAN  SD
1st 100 days 43,065 -0.016 0.16
Insolvency day (101%) 435 -0.289 0.54
2nd 100 days 43,498 -0.01 0.38

We began our investigation by running a test of stationarity for the the 435 series using the augmented Dickey—Fuller
test (1979). The null hypothesis tested is that stock returns follow a unit root. In all cases, we were able to reject the
null hypothesis in favor of the alternative one. The stock returns evolve for all series around a zero mean, as we can
see on figure 1(a).

In a second step, based on the observed stock returns (figure 1a), we run the Engle’s Lagrange multiplier (LM) test to
detect the presence of autoregressive conditional heteroscedasticity in order to check if the Arch process is
confirmed.

We also need to know the true order of the lag structure. In practice, it is common to look at the Correlogram plot
and examine the sample autocorrelations and partial autocorrelations in order to determine the autocorrelation order.
It is a useful tool to identify the latter when we have only one or a few time series to analyze. It becomes a hard task
in the presence of many series. Therefore, we rather use the portmanteau test of white noise developed by Box and
Pierce (1970) and refined by Ljung and Box (1978). The null hypothesis that is tested is that the residuals follow a
white noise; the alternative hypothesis is the presence of autocorrelation at a specific lag order. In order to choose the
number of lags for each company, the test is applied till the order 15. We automate the test by creating a procedure
using a loop that runs in Stata software for the 435 companies. The results of this test show, for different lag order,
that the null hypothesis is rejected in 238 cases and accepted in 197 cases.

We run an AR(q)-GARCH(1,1) model on the 238 series in which an ARCH process has been detected according to
the LM test. The q order used for the AR term is chosen in agreement with the autocorrelation test that has been
processed before. We finally obtain 187 estimations and 51 non convergent cases even when trying different
maximization techniques. Among the convergent cases, we ignore those in which the ARCH-GARCH coefficients
are non-significant or negative, in order to respect the constraintof @, >0, a; 20, B; > V;,V;.

There are 121 remaining estimates with positive and significant coefficients. As we cannot present the results of the
whole these estimates, table 3 summarizes the ARCH(1,1)-GARCH(1,1) estimated coefficients obtained from the
variance equation (3).

Table 2. Summary of ARCH-GARCH estimated coefficients
Statistics ARCH coef. GARCH coef. SUM

MIN 0.06 0.09 0.56
MAX 2.73 0.93 2.82
MEAN 0.44 0.62 1.07
SD 0.43 0.20 0.31
P50 0.31 0.68 1.00
P75 0.50 0.77 1.13
P90 1.04 0.85 1.44
P95 1.27 0.91 1.64
P99 1.94 0.92 2.06
N 121 121 121

Even though they have a positive value, only 56 series respect the constraint of (@ + ) = 1. The coefficient of the
ARCH term (see equation 3) gives an indication of the observed volatility in the previous period (t-1), while that of
the GARCH term offers a forecast of the variance for the following period. According to Campbell et al. (1997),
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“coefficient alpha measures the extent to which a volatility shock occurring today feeds through into next period's
volatility, while (@ + ) measures the rate at which this effect dies out over time” In other words, the sum of o and 8
gives an idea of the persistence of the volatility in time. The same interpretation is given by Chan (2010), the author
remarks that "when (« + ) more or less equals 1, the underlying process Xt is no longer stationary and it leads to
the name integrated GARCH(1,1) [IGARCH (1,1)] model; one of the interpretations of the IGARCH(1,1) model is
that the volatility is persistent”.

For the 56 series in which (@ + ) = 1, we only find five series where a.  (ARCH coefficient) is greater than
(GARCH coefficient). For the remaining fifty one cases, the GARCH coefficient is superior to the ARCH one.
Among the 56 series, 25 have the sum of alpha and beta superior or equal to 0.9. This means that, for a great part of
the sample, the volatility persists over time which indicates an increase of the uncertainty for the potential investors
who invest in this kind of securities.

It should also be noted the diversity of corporate patterns. For one group of companies, the price has not strongly
reacted on the insolvency announcement date but much before (see Figure 3a). For a second group of companies,
especially among those for which we could not observe an ARCH process, some random shocks (see figure 3b and 3c)
can be detected but do not constitute a clustering phenomenon.
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Figure 3. Patterns of stocks return shocks (9 companies)

4, Discussion and Conclusion

The aim of this paper was to apprehend the information uncertainty inherent to stocks of U.S. firms around their
filing for reorganization procedure. The database that has been used consists of 435 US firms that filed for
bankruptcy protection (chapter 11) between 2000 and 2012; for each of these firms, we collected daily prices over
the ten years period on Bloomberg database. In opposition to most databases, Bloomberg database shows stock
prices of US firms under chapter 11 during the reorganization procedure.

Information uncertainty is proxied by the realized volatility of stock prices that is obtained by taking into account the
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square of the returns. We used a Generalized Auto-Regressive Conditional Heteroscedasticity (GARCH) model to
analyze information uncertainty around (100 days before and 100 days after the announcement date) the filing
announcement for reorganization procedure (chapter 11) of 435 U.S. during the period 2000-2012. Our results show
that two common factors characterizing the studied series can be pointed out. First, the volatility of stock returns
(and therefore the information uncertainty) has increased in the second period for the majority of series. Second, it
becomes more important on the announcement day or around it. It should also be noted the diversity of corporate
patterns. For one group of companies, the price has not reacted strongly to the insolvency announcement date but much
before and for a second group of companies some random can be detected but do not constitute a clustering
phenomenon. We conclude that the information uncertainty inherent to stocks of U.S. firms around their filing for
reorganization procedure is important and increases after the announcement date. This observation is important for
individual investors considering those stocks as an investment.

As future research avenue, it would be interesting to understand the factors behind these shocks by examining some
cases in details. This study realized on a time horizon of twelve years contributes to the literature regarding the
analysis of stocks under reorganization procedure and may be of interest for individual investors.
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