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I. INTRODUCTIONThe purpose of this paper is to analyze the e�ect of several factors on the duration or timethat original issuers of high yield bonds spend under Chapter 11 of the U.S. Bankruptcy Code.That is, the period from a �rm �ling for Chapter 11 until its emergence. When a �rm goes intodefault or has some �nancial distress, it can choose between private renegotiation or out-of-courtrestructuring and �le for a formal bankruptcy. The �rst option implies to renegotiate with itscreditors privately outside court. Gilson et al. (1990) present a comprehensive study of the di�e-rent determinants for the choice between bankruptcy and private renegotiation. They analyze therelative cost of formal bankruptcy versus private renegotiation and the factors a�ecting creditor'swillingness to settle outside of Chapter 11. If the �rm chooses the option of formal bankruptcy,it has two possible alternatives: the possibility of liquidating the �rm under Chapter 7 or thepossibility to reorganize under Chapter 11. The reason for having two di�erent procedures whena �rm �les for bankruptcy is that there are two types of �rms in the market. On the one hand,viable �rms that are temporarily in �nancial distress and that, after a reorganization procedure,can solve their problems. Therefore, Chapter 11 can be understood as a mechanism to protectthe �rm from the creditors pressure while it tries to reorganize. Under this situation, the �ling�rm has the control and the exclusive right to propose the �rst plan of reorganization within 120days following the �ling date and the creditors have 60 additional days to accept it. There aretwo possibilities to approve the proposed plan. The �rst one is known as the \unanimous consentprocedure" (UCP), under which all classes of creditors must consent the plan. The other one,applicable only when the �rst one is not possible, and known as \cram-down", under which thecourt unilaterally imposes the plan on dissenting classes. Cram-down plans usually involve highercost than UCP. That is one of the reasons for cram-downs to be rare in practice. On the otherhand, there are not viable �rms for which the best solution is to �nish with their activities andliquidate the �rm under Chapter 71.In addition, we have to point out that the Chapter 11 procedure described above is the tradi-tional Chapter 11 procedure, but there is another possibility to deal with default, the prepackagedbankruptcy. This possibility is viewed as a hybrid form of corporate reorganization combiningsome of the features of an out-of-court restructuring with some of the features of a traditional1For the procedures of Chapter 7, and also of Chapter 11, see White (1989).2



Chapter 11 reorganization. As in the out-of-court case, the creditors negotiate the terms ofthe plan outside the court. As in traditional Chapter 11, a bankruptcy petition and a plan ofreorganization must be �led (in this case, together) and rati�ed by the court. Tashjian et al.(1996) carry out an empirical analysis of prepackaged bankruptcies presenting a comparison ofthe length of time from the initial restructuring announcement to the resolution of �nancial dis-tress for out-of-court restructurings, prepackaged and traditional Chapter 11 bankruptcies. Forthe last two classes, they also analyze the duration in Chapter 11 and the one previous to the�ling for Chapter 11 (the pre-Chapter 11 duration).We would also like to mention that, apart from the papers already mentioned (i.e., Tashjianet al., 1996 and Gilson et al., 1990), other studies have investigated the duration in Chapter11, as, for example, Weiss (1990), Franks and Torous (1989, 1994). These studies provide anextensive descriptive information of Chapter 11 bankruptcies using di�erent samples for di�erentperiods of time. In Bandopadhyaya (1994), Li (1999) and Orbe et al. (2000), we can �ndan analysis of the same problem but using di�erent regression models. A similar analysis, butone that concentrates on the study of the time of a �rm in default, can be found in Helwege(1999). While Bandopadhyaya (1994) and Li (1999) assume a given probability distribution forthe duration (i.e., the Weibull and log-logistic distributions, respectively), Helwege (1999) andOrbe et al. (2000) examine the duration without assuming any distribution for the responsevariable. However, Helwege uses ordinary least squares estimation, which is inconsistent undercensorship in the sample, and this is the usual situation (i.e. samples with censored observations)when the duration of some event is analyzed. In our case, we have a censored observation whenthe study has �nished and the �rm still remains in Chapter 11. Therefore, if we have censoredobservations in the sample, the methodology presented in Orbe et al. (2000) is, in our opinion,the most exible and appropriate one.In this paper, we analyze the length of time spent by a �rm in Chapter 11 using an even moreexible model, the censored partial regression model proposed in Orbe (2000). The need for amore exible model is explained in detail in the following section. We generalize the e�ect ofthe covariables on the duration by allowing a nonparametric component that may be interestingto take into account in situations where we do not know the functional form of the e�ect of thecovariables on the variable of interest or situations where assuming any distributional form can3



be considered very restrictive or maybe it does not make any sense.The rest of the paper is divided in the following sections. Section II provides the motivation touse the proposed exible model. In Section III we present the model and describe the estimationprocess. The inference of the model is carried out using bootstrap techniques and Section IVdescribes a new procedure to generate the bootstrap resamples, adequate for the proposed model.In Section V we present the dataset describing the information given by the covariables. In SectionVI we present the results of the estimation and, �nally, Section VII concludes the paper with adiscussion of the results.II. MOTIVATION FOR A MORE FLEXIBLE MODELThe sample contains a group of original issuers of high yield bonds that go into default from1982 to 1991 and end up �ling for Chapter 11. During this period of time, several changesconsidered relevant to analyze the duration of the �rms in Chapter 11 have taken place. Thissituation has been considered in some of the papers mentioned above, such as, for example, Li(1999) and Orbe et al. (2000), using a dummy variable that divides the period under studyin two parts, after and before 1990. There are two reasons to introduce this variable. Onereason is based on the resolution of default problems of the LTV �rm2. This resolution wasnegative to bondholders and, even though this situation was �nally revoked, it derived in a majoruncertainty for the bondholders. The other reason is that, after 1990, if a �rm reduced its debtoutside Chapter 11, it should pay taxes over the reduced debt whereas, if the �rm was insideChapter 11, it did not have to pay for it. These two situations were also remarked by Helwege(1999).On the other hand, Helwege (1999), Hotchkiss and Mooradian (1997) and Betker (1995)pointed out that the eventual participation of vulture funds in the restructuration process of the�rms with �nancial problems was increasing, and Hotchkiss and Mooradian (1997) found out thatthese funds provoked a more e�cient restructuration of the �rms. As a result, those �rms emergeearlier from Chapter 11. However, we are not able to determine when these funds entered in therestructuring process.2The LTV Corporation �led for Chapter 11 in the summer of 1986 and the plan to repay the creditors wascon�rmed in June 1993, after nearly seven years of negotiations, representing this case, the longest high yield bonddefault. 4



In addition, Helwege (1999) suggests a trend over time which reects a possible reduction onthe default durations because of, eventually, major facilities to present plans of reorganizationdi�erent from the one o�ered by the management. Helwege (1999) introduces several indicatorvariables to control the e�ects of these changes over time, dividing the total sample period indi�erent intervals.Li (1999) also suggests that the courts and bankruptcies professionals are going to acquiremore experience, as time goes by, resolving di�erent conicts and that this would derive intofaster negotiations and, therefore, in a shorter period of time in Chapter 11.Finally, we want to add that this trend of time could be a�ected by other reasons such as,for example, the evolution in time of the frequency of defaults. Stock and Watson (1993) presentthe bankruptcy and default rates and, for the period under study, we can observe an incrementof this frequency until 1985, a decrease between 1985 and 1990 and, again, an increase in the90's. Therefore, we would expect that, if there are fewer bankruptcies in the economy, the timenecessary to resolve these bankruptcies should be shorter.It seems more logical to think that the e�ect of some of these changes would be gradual,and that these progressive changes cannot be captured using indicators or dummy variables sincethey only consider sudden or immediate e�ects. Therefore, we propose a more exible and lessrestrictive approach to capture these e�ects using a new model, the censored partial regressionmodel. The main idea consists of not giving any speci�c functional form for these e�ects on theduration. In order to put this into practice, we consider an additional nonparametric componentin the model presented in Orbe et al. (2000). That is, we are considering a nonparametric timetrend, where all the changes occurring during the period under study would be reected.III. THE CENSORED PARTIAL REGRESSION MODELIn the literature on regression models in duration or lifetime data analysis, we can �nd twoclasses of models: The proportional hazard models proposed by Cox (1972) with the hazardfunction speci�ed as: �(t; x) = �0(t)h(x; �);where T is the duration variable, �0(t) is known as the baseline hazard function and x is the k-5



dimensional vector of covariables3. The other important class of models is the accelerated failuretime models (see, for example, Kalbeisch and Prentice, 1980) with the the hazard functionspeci�ed as: �(t; x) = �0(t � h(x; �))h(x; �);where, if h(x; �) = e�x� , we can rewrite the model in log-linear terms aslogT = x� + �: (1)In practice, the most applied model is the �rst one because it allows the estimation of theparameters of interest without assuming any probability distribution for the duration variable4.However, this model assumes proportional hazard functions and this assumption may not beveri�ed by the data. The other class of models usually estimated assuming a probability dis-tribution for the duration variable, which, in most cases, is unknown by the researcher5 (see,e.g., Bandopadhyaya, 1994 and Li, 1999). Bandopadhyaya (1994) considers a Weibull probabilitydistribution for the duration �tting a Weibull regression model with the following hazard function�(t) = �p(�t)p�1;where the e�ect of the covariables is introduced through the � parameter and, usually, consideringthe exp(�x�) speci�cation. In this case, using the logarithmic transformation for the durationvariable, this model can be rewritten in log-linear terms aslog T = x� + ��; (2)where � has an extreme value distribution and � = p�1. This model, together with the exponentialregression model, are the only ones that belong both to the classes of the proportional hazardsand accelerated failure time models. Li (1999) uses the log-logistic probability distribution withthe following hazard function3The usual speci�cation for h(x; �) is the exponential function, because with this speci�cation we guarantee thenonnegativity of the hazard function without putting any restrictions on the � parameters.4The estimation procedure for this model consists of maximizing the partial likelihood function, Cox (1975).5After assuming the distribution function, the estimation process consists of maximizing the likelihood function,where the contribution of the censored observations is given by the survival function and the contribution of theuncensored ones by the density function. 6



�(t) = �p(�t)p�11 + (�t)p :In this case we have model (??), but considering that � has a logistic distribution.Orbe et al. (2000), based on the fact that the probability distribution of the duration wasunknown6, decided to use a weighted least squares estimator proposed by Stute (1993). Hismethodology allows us to estimate model (??) without assuming any probability distribution for�. In addition, this methodology does not assume proportional hazard functions.In this paper, and as a consequence of the reasons mentioned in Section II, we use an extensionof this methodology for the case of a semiparametric model. That is, we use a model where thee�ect of the covariables can be separated into two components: a parametric and a nonparametricone, where, in the latter case, we do not specify a speci�c functional form for the e�ect of thecovariable on the duration. In other words, we introduce a smooth function h(�) to model thee�ect of the covariable R on the duration. Thus, the proposed model isln Ti = Xi� + h(ri) + �i (3)Yi = min(Ti; Ci); �i = � 1; if Ti � Ci0; if Ti > Ci :Because of the censoring, we do not observe T1; : : : ; Tn, and, instead we observe Y1; : : : ; Yn.C1; : : : ; Cn are the values of the censoring variable C, which is independent of the duration variableT , and �i is an indicator of whether Ti has been observed or not.Under this generalization, we can model situations where we do not know the functional formof the e�ect of one covariable on the response variable, or situations where the assumption of alineal dependence, or any other di�erent one between some covariable and the duration variableis a restrictive assumption, or, maybe, does not make any sense. In our case, we will introducea nonparametric trend over time only assuming that the e�ect is modeled by a smooth function.This component captures the e�ects pointed out in section II.6Usually, when we are studying duration data, we do not know the probability distribution, and, if we choosean incorrect distribution, we would make an important speci�cation error that could derive in false conclusions.This may be the reason why Bandopadhyaya (1994) obtained surprising results of not signi�cant covariables when,a priori, they seemed to be signi�cant ones and covariables whose e�ects are contrary to the sign assigned a priori.7



In order to estimate model (??), we propose to minimize the following penalized weightedsum of squares nXi=1Win[ln Y(i) �Xi� � h(ri)]2 + � Z h00(r)2dr; (4)where Win represents the Kaplan-Meier weight and can be calculated using the expression:Win = F̂n(ln Y(i))� F̂n(ln Y(i�1)) = �in � i+ 1 i�1Yj=1 � n � jn � j + 1��j :Here, F̂n is a Kaplan-Meier estimator of the distribution function F (Kaplan and Meier, 1958)and Y(i) is the i-th ordered value of the observed response variable. We use these weights in orderto take into account the existence of censored observations in the sample. The goodness of the�t is controlled by the sum of the weighted squared residuals and, with the integral of the squareof second derivatives, we control the smoothness of the h(�) function. In (??), � is the smoothingparameter that gives more or less relevance to these two terms. If � is relatively small, then themain contribution to the expression to minimize will be the weighted residual sum of squares.However, if � is large, the main component is the roughness penalty term.It can be shown that a smoothing cubic spline function is the resulting function to minimizethe penalized weighted least squares and, in this way, (??) can be rewritten as(ln Y �X� �Nh)TW (ln Y �X� �Nh) + �hTKh;where h is a vector of values hj = h(rj) for j = 1; : : : ; d, being d the number of distinct values ofthe covariable R, N is the incidence matrix which assigns the respective value of the covariable Rto each individual, W is a diagonal matrix with the Kaplan-Meier weights on its main diagonal,ln Y = (ln Y(1); : : : ; lnY(n)), X = [XT1 ; XT2 ; : : : ; XTn ]T is the matrix of the covariables and K isobtained using the properties of the cubic spline function (see, e.g., Green and Silverman, 1994).Taking derivatives with respect to � and h in the expression above and reordering the terms, leadus to obtain the pair of simultaneous matrix equationsXTWX� = XTW (ln Y �Nh) (a)(NTWN + �K)h = NTW (ln Y �X�) (b) (5)8



We can obtain the estimations of � and h iterating between equations 5(a) and 5(b), solvingrepeatedly for � and h, respectively, until convergence is achieved (i.e., using the back�ttingalgorithm, Buja, Hastie and Tibshirani, 1989).The complete estimation process and some simulation studies to analyze the goodness of thisprocedure and the e�ect of the censorship on the estimation of the parametric and nonparametriccomponents are presented in Orbe (2000).IV. INFERENCE USING BOOTSTRAP TECHNIQUESAfter obtaining the estimation of the coe�cients � and the function h, we would like toanalyze the signi�cance of the di�erent covariables. In this paper, we make this analysis usingbootstrap techniques. The bootstrap presents the important advantage that allows us to studythe properties even for small samples.In the literature on the bootstrap with censored observation, we can �nd basically two di�erentpossibilities to obtain the bootstrap samples: one proposed by Reid (1981) and another oneproposed by Efron (1981).The procedure in Efron (1981) consists of estimating, by Kaplan-Meier, the distribution func-tions for the duration variable and for the censoring one, F̂n and Ĝn. Then, using these estimateddistribution functions, generate one sample for the duration variable, t�1; : : : ; t�n, and another onefor the censoring variable, c�1; : : : ; c�n. Finally, we consider the following bootstrap resample:y�i = minft�i ; c�i g; ��i = � 1; if t�i � c�i0; if t�i > c�i :On the other hand, the procedure proposed by Reid (1981) consists of estimating the Kaplan-Meier estimator for the distribution function of the duration variable F̂n and, using this, generatethe bootstrap resample. Akritas (1986) showed that the procedure proposed by Efron is betterthan the one considered by Reid.However, these two resample generating methods were proposed to be applied in homogeneousmodels. That is, for models without covariables. In our case, we have covariables and theproposed resample procedures are not adequate. However, the procedure by Efron could be validif we assume that the censoring variable follows the same regression model as the duration one,but this assumption is a very restrictive one. 9



In order to solve this problem, we propose a new procedure to generate the bootstrap samplefor this sort of models. This procedure is very exible because we do not assume any model forthe relationship between the censoring variable and the covariables. This procedure was used inOrbe et al. (2000), but for the completely parametric version of the model. Here, we adapt theprocedure to extend it to semiparametric models.The complete procedure to obtain the bootstrap estimations is presented in the next steps:� Step 1: Estimate model (??)� Step 2: Obtain the residuals of the previously estimated model:�̂i = ln Yi �Xi�̂ � ĥ(ri); for i = 1; : : : ; n� Step 3: Center the residuals� Step 4: Obtain the bootstrap resample for the residuals ��1; : : : ; ��n� Step 5: Obtain the bootstrap sample of the variable under study by doing model basedbootstrap lnT �i = Xi�̂ + ĥ(ri) + ��i ; for i = 1; : : : ; n� Step 6: Obtain the bootstrap censored indicator by generating a vector of Bernoulli varia-bles �� whereP (��i = 1j lnT �i = ln t�i ; Xi = xi) = 1� G(ln t��i ); for i = 1; : : : ; n� Step 7: Estimate model (??), in the bootstrap sample, using the same estimation procedureas in Step 1. That is,min�;h nXi=1W �in[ln Y �(i) �Xi� � h(ri)]2 + � Z h00(r)2dr;� Step 8: Go back to Step 4 and repeat the process M times (i.e., M bootstrap samples areobtained). 10



We have to remember that, because of censoring, we observe Y instead of T , and the indicator�. Therefore, the estimation in Step 1 will be obtained by applying the procedure described inSection III. In Step 4, we make nonparametric bootstrap, which consists of generating the boots-trap observations without assuming any probability distribution and this procedure is equivalentto generate samples without replacement from the original sample of residuals. In Step 5, usingthe bootstrap resample of residuals obtained in Step 4, gives us the bootstrap resample for theresponse variable following the speci�cation of model (??). It can also be seen (Step 6) thatwe generate the bootstrap censoring indicator �� without assuming any relationship between thecensoring variable and the covariables, which is less restrictive than assuming the same regressionmodel as the one assumed for the duration variable. In this step, G denotes the cumulativedistribution function of the censoring variable and, as this is unknown, we estimate it using thecorrespondent Kaplan-Meier estimator, Ĝn. Thus, if ln T � = ln t� and �� = 1, we have that C�is obtained from the distribution function Ĝn on the restricted interval [ln t�;1). On the otherhand, if lnT � = ln t� and �� = 0, then C� is obtained from the distribution function Ĝn on therestricted interval [0; ln t�). In Step 7, we have to carry out the estimation process presented inthe previous section for the given bootstrap replication. The value of M , in Step 8, depends onthe objective of the study. If we want to estimate the distribution of the estimators and to obtaincon�dence intervals we need a large value (i.e., at least M = 1000). However, if we want toestimate the standard deviations far lower values are su�cient. For more details about bootstrapprocedures see, e.g., Davison and Hinkley (1997) or Efron and Tibshirani (1993).V. DATAWe use the data kindly provided by Kai Li of the University of British Columbia. This datasetcollects information about 83 original issuers of high yield bonds that go into default between1982 and 1991 and �nish �ling for Chapter 11. Asquith et al. (1989) place the development ofthe original issue high yield bond market in 1977 (there were very few original issues of high yieldbonds before that year) and their study reveals default percentages substantially higher thanthose reported in most previous studies.The response variable shows us the length of time, in months, that a �rm spends in Chapter11 or, in some cases (i.e., for the censored observations), the number of months from the moment11



of �ling for Chapter 11 until �nishing the follow up of the �rms in July 31, 1994.As for the explanatory variables, we have information about the special characteristics ofeach �rm, as well as the type of industry it belongs to and, also, about the business cycleindicator of the moment when the �rm enters in default. We start by describing the continuouscovariables. Prech11 measures the duration that the �rm spent in out-of-court negotiationsbefore �ling for Chapter 11. Usually, the �rst step, after default, is to try to restructure theirdebt privately rather than through formal bankruptcy because the latter costs more (Gilson et al.,1990). Hy/Tl captures the relative importance of the high yield debt in relation to the �rm totalliabilities. Helwege (1999) indicates that, theoretically, a large fraction of the liability structurein the form of high yield bonds leads to a slow renegotiating procedure, although, unexpectedly,she obtains the contrary e�ect in her study. Ebitda/Sales measures the pro�tability of the �rmdividing the earnings before interest, taxes, depreciation and amortization by its sales. Jensen(1991) points out that it is relatively easier and faster for pro�table �rms to exit from Chapter11. Iebitda/Sales is the same as the previous variable but evaluated in average terms and for aparticular industry. TL measures the size of the �rm before its �nancial problems. This variableis used as a proxy variable for the complexity of the debt structure of the �rm because the entireliability structure of the �rms is often di�cult to obtain. Helwege (1999) indicates that the larger�rms typically have more creditors classes. Termprem is a business cycle indicator measuringthe di�erence between the 30-years US government bond interest rate and the 3-month Treasurybill rate. This di�erence is lower when the economic conditions are strong and higher when theeconomic conditions are weak. The rest of covariables are indicators. Prepack indicates if the�rm �led for prepackaged Chapter 11. As we have pointed out in the introduction, when a �rmuses the mechanism of prepackaged Chapter 11, the bankruptcy petition and reorganization planare �led together and the terms of the plan are negotiated in advance between the �rm and itscreditors. Tashjian et al. (1996) conclude that the length of time spent negotiating prior to �lingfor bankruptcy (measured by the variable Prech11) is substantially longer for prepacks than fortraditional Chapter 11 �lings. In addition, the length of time spent in court is substantiallyshorter for prepacks than for traditional Chapter 11 reorganizations and, apparently, �rms that�le prepacks substitute time negotiating out-of-court for time spent in Chapter 11 reorganizations.However, the total time used from the initial restructuring announcement to resolution of �nancial12



distress is less than the one used in traditional Chapter 11. This e�ect can be seen after analyzingthe sample: there are 24 prepackaged bankruptcies with an average of 14 months to completethe pre-Chapter 11 stage and an average of 5 months to complete the Chapter 11 stage. Onthe other hand, for traditional Chapter 11 �rms, the average length of time in pre-Chapter 11is 5 months and, in Chapter 11, 26 months. Complex indicates if the �rm has more than onelayer of subordination among its high yield bonds. Gilson et al. (1990), in their descriptiveanalysis, observe that �rms with more complex debt structure spend more time to solve theirproblems. Hlt indicates if the �rm has realized highly leveraged transaction. Jensen (1991) andWruck (1990) point out that creditors of highly leveraged transactions are estimulated to resolvedefaults quickly in order to preserve the �rm value. Dispute indicates if the �rm is involvedin di�erent disputes such as, for example, underfunded pensions, environmental liabilities orsubordination lawsuits among its creditors. Helwege (1999) argues that the situations describedabove make the restructuring process more di�cult, thereby delaying the renegotiation process.In Table 1 we present summary statistics for the response and explanatory variables7.Table 1: Summary statistics for all variablesResponse variable Mean Sdev Median Min q1 q3 MaxDuration in Chapter 11 (month) 19.975 15.985 17.000 1.000 6.500 31.00 83.00Covariables (Continuous)Prech11 (month) 7.651 8.277 5.000 0.000 0.500 12.50 29.00Hy/Tl 0.347 0.213 0.310 0.037 0.162 0.490 0.861Ebitda/Sales 0.055 0.143 0.053 -0.455 -0.006 0.112 0.547TL (billion) 1.280 1.630 0.563 0.119 0.327 1.366 7.953Iebitda/Sales 0.135 0.098 0.103 -0.021 0.066 0.182 0.478Termprem(%) 1.933 1.054 1.690 0.120 0.990 2.900 3.630Covariables (Indicators) SumPrepack 24Complex 34Hlt 31Dispute 32In addition, we know, as pointed out in Section II, that there are institutional changes andother factors that have complicated or facilitated the resolution of bond defaults over the sample7For a detailed description of the variables see Li (1998).13



period (LTV case, changes in tax code, introduction of vulture funds, experience of courts, amongothers). Therefore, they are relevant factors to explain the duration in Chapter 11. The globale�ect of these factors and changes is not clear and it seems that the e�ect of some of them shouldbe gradual. Thus, we have a clear application for model (??), proposed in Section III.VI. EMPIRICAL RESULTSWe �t model (??) introducing in X all the covariables, except for the period of default (R),and assume a linear relationship for the e�ects on the duration. On the other hand, with h(r),we try to capture the evolution on time on the length of time spent in Chapter 11. The e�ectof the di�erent changes, previously commented on, will be reected by the estimation of h. Thevariable R takes value 1 for �rms that entry in default from 1982 to 1984, value 2 for those thatentry in default in 1985 and so on, until �nishing8.The results from the estimation process for the coe�cients of the parametric component ofmodel (??) are given in Table 2, together with the bootstrap standard deviations9. In Table 3,we present the 95% bootstrap BC percentile con�dence intervals for the coe�cients10 �. Finally,in Figure 1, we present the estimation of the nonparametric component, the function h, togetherwith its 95% bootstrap percentile con�dence interval.Table 2: Bootstrap estimates of the standard deviations for the coe�cients �VARIABLE COEF. SDEV.Constante 0.3978 0.1654Prepack -1.2069 0.1236Prech11 -0.0191 0.0065Complex 0.0593 0.1138Hlt -0.2066 0.1123Hy/Tl -0.1811 0.2562Dispute 0.5043 0.1231Ebitda/Sales -1.2598 0.3400TL 0.0627 0.0416Iebitda/Sales 0.5732 0.5645Termprem -0.0404 0.02938�rst default years (i.e., 1982, 1983 and 1984) have been pooled together because we have few observations forthese periods.9The bootstrap resamples have been obtained following the procedure indicated in Section IV.10For details on bootstrap con�dence intervals see, for example, Efron (1987) or Efron and Tibshirani (1993).14



Table 3: 95% bootstrap con�dence intervals for the coe�cients �VARIABLE Lower limit Upper limitConstante 0.0844 0.7211Prepack -1.4209 -0.9251Prech11 -0.0344 -0.0084Complex -0.1786 0.2856Hlt -0.4466 -0.0064Hy/Tl -0.7207 0.2824Dispute 0.2884 0.7873Ebitda/Sales -2.0444 -0.6647TL -0.0074 0.1491Iebitda/Sales -0.4701 1.7437Termprem -0.1014 0.0157In relation with the estimation of the e�ect of the covariables introduced in a parametric way,we obtain the same results as in Orbe et al. (2000). Thus, we obtain, as in Weiss (1990), Gilsonet al. (1990) and Franks and Torous (1994), that the �rms which have �led for prepackagedChapter 11 (Prepack) spend less time in Chapter 11, because the inscription in Chapter 11 andthe restructuring plan are �led at the same time. We can see that, if a �rm remains in negotiationduring a large period between the date of default and the date of �ling the formal bankruptcy(Prech11), this �rm emerges faster from it. These two results con�rm the ideas previouslypresented (Tashjian et al., 1996). The �rms that have realized highly leveraged transaction (Hlt)in the past leave bankruptcy before others, as pointed out in Jensen (1991) and Wruck (1990).Con�rming the point of view of Helwege (1999) and Gilson et al. (1990), if the �rm is involved indi�erent disputes (Dispute), as commented on before in the description of this variable, it hasmore di�culties to leave Chapter 11. The more pro�table (Ebitda/Sales) the �rm is the shorterthe time it stays in Chapter 11. This is consistent with Jensen (1991)'s idea that the �rm valueis relevant to resolve �nancial distress. In addition, the size of the �rm (TL), used as a proxyvariable to measure the complexity of the �rm's total debt structure, turns out to be signi�cantto analyze the duration but only at the 10% signi�cance level. The rest of the covariables, thatis, the weight of the high yield debt in the total debt (Hy/Tl), the complexity of the high yielddebt (Complex), the pro�tability of the industry to which the �rm belongs to (Iebitda/Sales)and the economical situation reected by the di�erence between large and short interest rates15



(Termprem) as a business cycle advanced indicator, turn out to be non signi�cant. However,all of them have the a priori expected sign to explain the length of time spent in Chapter 11.Figure 1: 95% bootstrap con�dence interval for the nonparametric component
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As for the estimation of the nonparametric component, we can observe an increasing functionup to 1985, then a decreasing function but with a deceleration on this decrease in the �nal part.Therefore, we have obtained a decreasing tendency that indicates that the length of time spentin Chapter 11 is going to be shorter when we move the default date from the beginnings of theperiod under study, early eighties, to the end of the study in the early nineties. This conclusionof trend over time towards faster negotiations is reached by Helwege (1999), but analyzing theduration of �rms in default11. Thus, it seems that the reasons leading towards an e�ect of reduc-tion of the duration in Chapter 11 are stronger than the reasons to increase the time spent in thissituation. Therefore, this result may suggest that the courts and bankruptcies professionals havebeen acquiring more experience resolving di�erent conicts and this derives in faster negotiations,as discussed in Li (1999). Other possible positive factor to provoke this gradual reduction of the11However, we have to indicate that with the indicators approach, we do not observe the �nal deceleration inthis trend over time. 16



length of time in Chapter 11 is the growing participation of vulture funds in reorganizations pro-cedures, as argued by Helwege (1999) and Hotchkiss and Mooradian (1997). The increase of theh estimated function during the �rst months can be explained with the increment of the defaultsrates for this period, as we have previously mentioned. The �nal deceleration in the decreaseof length of time spent in Chapter 11 could be reecting the increment e�ect (larger durations)provoked by the sentence of the LTV �rm and the change of tax treatments in 1990, as pointedout by Li (1999) and Helwege (1999).We would like to add that in Li (1999) and Orbe et al. (2000) the use of a dummy variablethat divided the period of default after and before 1990 to capture the e�ect of the last twoindicated factors, resulted in a negative coe�cient. Helwege (1999) would expect a positivecoe�cient (larger durations) because of these two factors. This negative coe�cient indicates thatthe duration in Chapter 11, if the �rm default date is in 1990 or 1991, is lower than the �rmthat goes into default in the eighties and this conclusion is correct. However, the explanation ofthis change in the a priori expected sign of the coe�cient is due to other factors that operatein a contrary direction (generating shorter durations) such as, for example, that courts andbankruptcy professionals became more experienced in dealing with bankruptcies, as pointed outby Li (1998). Other reason to expect a negative coe�cient is the major participation of vulturefunds in restructuring distressed �rms, as indicate by Helwege (1999). Therefore, the global e�ectof all of these factors is the deceleration of the decreasing trend after 1989, in our study, and, inLi (1999) and Orbe et al. (2000), a negative total e�ect comparing with the �rms with defaultbefore 1990. However, the use of the dummy speci�cation, does not allow us to see the evolutionof the decrease trend of the duration in Chapter 11 when we move from the �rst default dates tothe last ones, or to see the deceleration of this decrease trend on its last stage.VII. CONCLUSIONSWe have examined the length of time spent in Chapter 11 bankruptcy by original issuers ofhigh yield bonds that go into default between 1982 and 1991 and were followed through July,1994. This analysis has been carried out using a general and exible model proposed to study aresponse variable that presents censored observations. Therefore, the application of this modelcan be found in the analysis of any kind of duration data. The exibility of this model can be seen17



in the di�erent characteristics of the model. This model does not need to assume any probabilitydistribution for the response variable, representing in this way a good alternative for the Coxproportional hazards model. In addition, the proposed model does not need the assumption ofthe proportional hazard functions, which sometimes can be a very restrictive assumption. Anotherimportant characteristic about the proposed model is the possibility to consider situations wherethe functional form of the e�ect of some covariable on the duration is unknown or it is toorestrictive to assume a given functional form.After applying our model to our dataset, we �nd a signi�cant inuence of \prepackaged" �rms,observing, for these ones, shorter durations than for �rms that choose the traditional bankruptcyprocedure. The time that one �rm spends negotiating before �lling for Chapter 11 also turns outto be relevant, reducing the time that this �rm will spend in Chapter 11. The �rms with highlyleveraged transaction in the past emerge from bankruptcy before others. The di�erent disputesin which the �rm is involved make the restructuring procedure of the �rm more di�cult, delayingthe exit from Chapter 11. The pro�tability of a �rm is important. That is, the more pro�tablethe �rm is, the more likely for it to emerge earlier from Chapter 11. The complexity of the �rm'stotal debt structure results to be a negative factor for a sooner solution of the �rm's problems. Inaddition, we can appreciate a positive evolution, with a tendency of shorter durations, when wemove from the �rst defaults in 1982 to the last defaults analyzed in the sample. This decreasingtrend indicates that the courts and bankruptcy professionals have acquired more experience,with the passage of time, to deal with bankruptcies. Other relevant factor for this improvementis the gradual major participation of vulture funds in the restructuring of distressed �rms. Wehave to indicate that this decrease trend su�ers an important deceleration at the beginnings ofthe nineties, which may be due to two possible causes: the sentence of the LTV �rm and thechange of tax treatments. We have to point out that our model captures these e�ects in a lessrestrictive form than in Helwege (1999), where several indicators are used to do this. On theother hand, the technique of ordinary least squares estimation is inconsistent in the presence ofcensored observations, something very usual when analyzing duration data, as is the case here.In addition, the weight of the high yield debt in total debt, the complexity of this debt, thepro�tability of the industry to which the �rm belongs to and the variable used as indicator of theeconomical situation, all having the expected signs, turn out to be non signi�cant to explain the18
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