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Abstract:

Rajgopal, Shevlin, and Venkatachalam (2003) examine whether order backlog predicts future earnings and whether analyst forecast incorporates the contribution of order backlog to future earnings. They find order backlog information contain additional information about future earnings over current earnings. A hedge portfolio based on the decile ranking of the level of order backlog yield an average abnormal return of 5.8% per year over the 19-year period. They also find that analysts fully capture the marginal predicting power of order backlog for future earnings. Overall, there is a strong tendency for firms to remain in the neighborhood of the deciles in the previous year. 
In this paper, we first argue that the level of order backlog is not comparable across firms. Then, we present transition matrices to show that firms have a strong tendency to remain in the neighborhood of the deciles, based on the level of order backlog, in the previous year. Therefore, it is hard to argue that a hedge portfolio based on the decile ranking of the level of order backlog could earn persistent abnormal returns. We further argue that in a cross sectional model and given current earnings, a better measurement of the order backlog information to test whether this leading indicator predicts future earnings is the change in order backlog, not the level of it. This issue is important since the evidence of market inefficiency could be due to the uncontrolled industry factor or other firm characteristics. In addition, the results that analysts seem to fully appreciate the implication of order backlog for future earnings could be due to the measurement error of the explanatory variable.

Our results show that change in order backlog, not the level of order backlog, which has incremental information about future earnings over current earnings.  In addition, financial analysts are not able to adequately appreciate the implication of order backlog information about future earnings.
Keyword: order backlog, leading indicator, future earnings, rational pricing

1. INTRODUCTION
Francis, Schipper, and Vincent (2003) find that order backlog has no incremental information content over bottom line numbers in explaining concurrent stock returns. Since many of the non-GAAP performance metrics are industry-specific, they belief that industry-by-industry examination is the proper way to test the superiority of non-GAAP metric relative to GAAP earnings.  However, their result on the order backlog for homebuilding industry is based on 210 samples spanning an eleven year sample period. The small sample size could be a reason for the insignificant result. 
Rajgopal, Shevlin, and Venkatachalam (2003, RSV hereafter) examine whether order backlog predicts future earnings and whether analyst forecast incorporates the contribution of order backlog to future earnings. Their Mishkin test shows that stock market over-prices backlog information. A hedge portfolio based on the decile ranking of the level of order backlog (deflated by total asset) for the 19-year test period yield 13 positive and 6 negative abnormal returns. The average abnormal return is 5.8% over the 19-year period. Finally, they also find that analysts fully capture the marginal predicting power of order backlog for future earnings.
Since order backlog is readily available for a large number of firms across many industries, RSV contend that their choice of order backlog as the leading indicator (non-GAAP metric) in their investigation into the potential mispricing of leading indicators gives the null of market efficiency the best possible chance of success. The assumption underlies this statement is that order backlog information is cross-sectionally comparable. 
In this paper, we argue that the level of order backlog, deflated or not, is not comparable across firms and therefore, in a cross sectional model and given current earnings, a better measure of the order backlog information to test whether this leading indicator predicts future earnings is the change in order backlog, not the level of it. This issue is important since the evidence of market inefficiency could be due to the uncontrolled industry factor or other firm characteristics. In addition, the results that analysts seem to fully appreciate the implication of order backlog for future earnings could be due to the measurement error of the explanatory variable.
The rest of the paper is organized as follows: In Section 2, we discuss the proper measure of order backlog information in a cross sectional model. In Section 3 we describe the data and research design. In section 4, we discuss the empirical results. Section 5 provides conclusions.
2. Discussion of proper measure for order backlog information
In this section, we first argue that the level of order backlog is not comparable across firms. Then, we present some statistics to show that a trading strategy based on the level of order backlog is not likely to earn persistent abnormal returns. Also, given the current earnings, we argue for and propose the use of the change in order backlog in a cross sectional model to test its marginal information effect about future earnings. 
Order backlog in different industries 

Firms with longer operating cycle tend to have larger order backlogs. Consider the following two footnote disclosures taken from annual reports of Lockheed Martin’s and Cisco System:

Lockheed Martin’s, December 31, 2000—

“…backlog was $56.4 billion compared with $45.9 billion at the end of 1999…Of our total 2000 year-end backlog, approximately $40.7 billion, or 72%, is not expected to be filled within one year…”
Cisco Systems, September 19, 2002—

“…the backlog of orders for its networking equipment has shrunk 30 percent, prompting speculation that the firm's sales will be weak this quarter. …order backlog on Sept. 9 declined to $1.4 billion from $2 billion a year earlier…Order backlog, which includes orders for products to be shipped within 90 days…”
Most of the Lockheed Martin’s order backlogs will not be filled within one year due to the long production process for airplanes. In contrast, Cisco Systems’ product and service need much less time to complete. Also, discussing from the demand side, consumers of electronic devices usually would not book a product that will be delivered many months in the future because their product life cycle is normally much shorter than other goods. Even in recession time with clouded future, Lockheed Martin’s could still have relatively much higher order backlog. Therefore, for firms like Lockheed Martin’s, the use of dollar amount to measure order backlog in a cross-sectional model would always predict higher future incomes because of  their relatively high level of order backlogs. If the stickiness in the level of order backlog is a general phenomenon, it is hard to imaging a trading strategy based on the level of order backlog could earn abnormal returns year after year. 
To examine, on average, how sticky firms are in the level of order backlog, at the end of each year firms are ranked into deciles based on the magnitude of their order backlog (deflated by sales). Table 1 presents the transition matrices of decile ranking thus formed. The rows of table 1 correspond to year t decile rankings and the columns correspond to year t+1 decile rankings. The second last column reports total number of firm-years for each decile in year t. 
The numbers in the last column are the sums of the number of firms which have change in ranking less or equal to one from year t to year t+1. For example, 430 (91.88%) in the second row of the last column means that among the 468 firms ranked 0 (D=0) in year t, 430 firms (91.88%) have decile rankings equal to 0 or 1 in year t+1. Thus, about 92% of firms have change in ranking less or equal to one. Similarly, for the top ranked firm-years (D=9) in year t, 95.64% are in the top 2 ranked deciles (D=8, 9) in the following year. Overall, there is a strong tendency for firms to remain in the neighborhood of the deciles in the previous year. Such stickiness is perhaps because that the level of order backlog is closely tied to the operating cycle and trading practice of individual firms.
Table 2 reports transition matrices for decile ranking based on the change in order backlog (difference in the magnitude of order backlog deflated by sales). Bench marking on the order backlog in the previous year, the transition show much less stickiness. There are two worth noting patterns in this table. First, note on the four transition percentages among extreme decile rankings in two consecutive years. For firms in the extreme deciles (D=0, 9), there is a tendency that they remain in the extreme deciles next year. This pattern is possibly due to two effects. For some firms, extreme change in order backlog tends to reverse and for some other firms, it persists in the next year. Also, middle ranking firms (D=4, 5, and 6) in year t show a consistent pattern that they have a tendency to remain in middle ranking next year.

We also inspect the distribution of the means of order backlog information for individual firms to examine whether they are comparable across firms or not. For each variable listed on the first column of Table 3, the second and third columns of the table show respectively, the variance (V) across all firm-years and the mean of the variances (MV) of each firm. For the first variable, the level of order backlog before any deflation, note that V is much larger than MV. This indicates that the means of the level of backlog of individual firms, are not comparable. But also note that for the second variable, the change in order backlog, V is only 1.5 times the magnitude of VM.
Since the use of deflators in cross sectional studies is often necessary, we examine the relative magnitude of V and VM for the last six variables in Table 3, the backlog information after deflation by sales, average assets and assets at the beginning of the period. Note that, for the deflated change-in-order-backlogs, the variables used in this study, V and VM are quite comparable. In contrast, the V and VM of the deflated level-of-order-backlogs are still not comparable. For the primary variable used in RSV, V is 0.3528, which is about 5.5 times as large as VM. 
Seasonality and order backlog in different segments within industries
One way to alleviate industry difference is of cause to test the theory industry-by-industry.  However, order backlog could still be segment-specific. Up-stream firms in an industry get orders booked earlier than do down-stream firms. Partners in different stages of the value chains share the total revenues from terminal customers. Therefore, if there is seasonality in the sales to terminal customers, the order backlog could also exhibit similar seasonality. But if we measure only at year-end for the order backlog information, the levels of order backlog for up-stream firms could be quite different from that of down-stream firms.
RSV did a sensitivity check on their Mishkin test results for the durable manufacturers and computers industries. As we will show that even for a much finer classification of industries, the levels of order backlog could still be not comparable across firms. To demonstrate this idea, we choose three two-digit industry groups with the most sample sizes—industries 35, 36, and 38. The last six columns of Table 3 show V and VM of order-backlog variables of the three industries. Note that the V and VM for the level-of-order-backlog variables are not comparable. Besides, for industries 36 and 38, V is still much larger than VM after any deflation. But for change in order backlog deflated by sales, the primary variable used in this study, the Vs and VMs are comparable across all industries listed on the table. 
In fact, among other factors, length of the operating cycle, seasonality, product mix, credit policy, and sales strategy all affect year-end measure of order backlog. One could always argue that order backlog is firm specific or even firm-year specific. We belief there are trade-offs among single-firm time-series models, industry-by-industry cross-sectional models, and large sample cross-sectional models across many industries. The purpose in this study is only limited to the use of large sample cross-sectional models to re-examine the important issues raised by RSV. 
Measure for order backlog information in a cross-sectional model 
The way the information regarding level of order backlog at year-end transforms into earnings of the next year is not comparable for firms in different industries, for firms in different segments within industries, or even for firm-years sampling from the same company. If there is a linkage between year-end order backlog and the realized earnings in the next year, then current earnings should contain information regarding the level of order backlog in the previous period (lagged order backlog).  Consequently, a model that includes both current earnings and change in order backlog as predictor for future earnings could minimize problems introduced by the use of the level of order backlog. 

The disclosure requirement in item 101(c) (VIII) of SEC regulation S-K seems to be in agreement with our argument by requiring the disclosure of “…the dollar amount of backlog orders believed to be firm, as of a recent date and as of a comparable date in the preceding fiscal year…”. Also, the way order backlog information mentioned in most conference calls is consistent with the SEC’s requirement. The example of Cisco Systems reported above clearly demonstrates that an increase in order backlog (change in order backlog) is an indication that future period will be better than the operating result of this period. 
3. RESEARCH DESIGN 
We re-examine the following three questions addressed by RSV: (i) whether order backlog predicts future earnings, (ii) whether market participants rationally price order backlog information, and (iii) whether financial analysts correctly incorporate order backlog into their earnings forecast. Given the current period earnings, we will test whether the use of change in order backlog, instead of level of order backlog to test, is a better measure in a cross-sectional model. 
3.1 Sample Selection

We collect financial data from the Compustat industrial annual file and the stock return and share data from the Center for Research in Security Prices (CRSP) monthly stock and CRSP indices & deciles databases. The sampling period is 24 years, from 1982 to 2005. For this sample period, we delete firm-year observations that: (1) are non-NYSE, non-AMEX firms and non-NASDAQ firms; (2) are non-calendar year firms
; (3) order backlog information are not available; (4) have negative sales
; (5) are in financial sectors; (6) are outliers in the upper and lower 1% of distributions of change in order backlog and the current order backlog; (7) have other missing financial data and missing stock return data
. The final available sample comprises of 7,243 firm-years, representing 767 firms.
For the tests of analysts’ use of order backlog information, we extract analysts’ consensus earnings forecasts from I/B/E/S summary history - summary statistics file and stock price data from I/B/E/S summary history- actuals and pricing & ancillary file. The accompanying realized earnings are also from the same tape (Abarbanell and Lehavy (2000)).  We then merge data from I/B/E/S and order backlog data from Compustat
. The final available sample comprises of 4,261 firm-years.
3.2 Research Model and Variable Measurement
As in RSV, we employ Mishkin (1983) framework to test for (i) whether order backlog predicts future earnings, (ii) whether market participants rationally price order backlog information. We estimate the following three sets of equations:
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	=
	Income before extraordinary items (Compustat #18) of firm 
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	Change in order backlog divided by sales of firm 
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	the market-adjusted abnormal stock return of firm
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Each set of equations consists of a forecast equation and a return equation. If we take the second system of equations as example, equation (2-1) is the forecast equation and equation (2-2) is the return equation. The forecasting coefficient 
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 measures the earnings persistence while the coefficient 
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 represents the incremental contribution of change in order backlog information for future earnings. If coefficient 
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 is statistically significant, it means that change in order backlog has incremental information over current earnings when predicting future earnings.
Model (2-2) estimates the valuation coefficients that the market investors appear to assign to earnings (
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) and change in order backlog information (
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) relatively to their abilities to predict one-year-ahead earnings. If the valuation coefficient (
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) is greater/smaller than the forecasting coefficient (
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), then the Mishkin test suggests that investors overprice/underprice the implication of change in order backlog information for one-year-ahead earnings. The interpretation of the coefficients from the other two systems of equations is similar.
3.2.2 I/B/E/S Data Test--How do the Analysts use the information of Backlog?
    In this part, we examine how financial analysts, the sophisticated market intermediaries, use order backlog information when they generate earnings forecasts. In addition, we will explore how efficiently these analysts use order backlog information in predicting future earnings. 
    Based on RSV, we build the following three sets of equations. 
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	earnings per share as reported by I/B/E/S, scaled by stock price firm
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    In model (5-1), coefficient 
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 captures the incremental contribution of change in order backlog information for future earnings. In model (5-2), coefficient 
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 represents the weights that analysts use the past earnings and change in order backlog information for predicting future earnings, respectively. If the coefficient 
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 is significantly different from zero, it implies that the analysts factually incorporate change in order backlog information when forecasting future earnings. The coefficients on model (5-3) indicate the difference between the forecasted weights and the analysts’ weights on the past earnings (
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) is significantly different from zero, it means that the analysts fail to adequately appreciate the implication of change in order backlog information for future earnings. The other two sets of equations can be interpreted in a similar way.
4. EMPIRICAL RESULTS
This section is organized as follows. In sub-section 4.1, we briefly describe the descriptive statistics and correlation analysis of model variables. In sub-section 4.2 we present the Mishkin test results for the implication of different backlog information to predict future earnings. Then, in sub-section 4.3, we examine how analysts use order backlog information in generating earnings forecasts. Finally, in sub-section 4.4 we report the evidence for the hedge-portfolio test. 

4.1 Descriptive Statistics

4.1.1 Descriptive Statistics for Mishkin Test

Table 1 reports the descriptive statistics of the variables in the first part of the empirical test (Mishkin test). In panel A, the statistics for change in order backlog information (
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 is approximately 738 millions, and the median is about 21 millions. Additionally, the mean and the median of 
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 are approximately 38 millions and 0, respectively.
 It implies that, on average, order backlog increases by 5% during the sample year. The mean (median) of income before extraordinary items (
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) is 69 millions (8 millions).
The descriptive statistics on panel B are for the deflated variables used in the model. The mean (median) of 
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 is 2.51% (0%) of sale. The mean (median) of 
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 is 0.2829 (0.1667) of sale, which is similar to the result reported in RSV. The mean and the median of income before extraordinary items scaled by beginning total assets are 4.68% and 5.50%, respectively. Statistics for stock returns show that sample firms are quite successful in the sampling period: the market-adjusted abnormal stock return, on average, is 0.1025, and the raw return average is 0.2336 (in panel A).
Table 6 reports Pearson and Spearman correlation among model variables. High correlation between current and next year’s income before extraordinary items is expected due to the persistence of earnings. Note specially that, the correlations between 
[image: image68.wmf]BKLG

D

 and future stock returns are significant and larger then the insignificant correlations between 
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 is significant (Pearson=0.41; Spearman=0.32). This implies that 
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 could be a surrogate for each other.
4.1.2 Descriptive Statistics for I/B/E/S Data Test
Table 5 reports the descriptive statistics in the second part of empirical process (I/B/E/S data test). In panel A, 
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 are not deflated by sales. Since analysts are more interested in large firms, the descriptive statistics of these two variables are comparable but larger than those reported in the panel A of table 1. The mean of 
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 is 0.8189, and the median is 0.6700. The mean and the median of I/B/E/S median consensus for analysts’ earnings forecast per share (
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) are 1.0963 and 0.7700, respectively. The analysts seem to be over-optimistic in predicting future earnings.
From panel B, we report the descriptive statistics of the variables used in the models. The mean (median) of 
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 is 2.41% (0%) of sales. The mean (median) of 
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 is 27.25% (16.38%) of sales. The mean and the median of 
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 scaled by stock price are 0.0429 and 0.0556, respectively. The mean of 
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 scaled by stock price is 0.0593, and the median is 0.0617. In addition, the analysts’ forecast error, on average, is -0.0197. RSV report similar optimistic estimates of earnings per share by analysts but the distribution of 
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 in their study is slightly more skewed.
Table 7 reports Pearson and Spearman correlation between model variables used in the second part of empirical process (I/B/E/S data test). We find similar correlation pattern between current and next year 
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 as on Table 6. The unconditional correlation between 
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 in year t and 
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 is quite high (Pearson=0.51; Spearman=0.61). It is as expected for analysts will certainly use current realized earnings as a bench mark to forecast future earnings. In addition, the unconditional correlation between 
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 and 
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 (
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) is 0.06 (0.03). Note particularly on the Pearson correlations between 
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 and future 
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 and 
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 is 0.01276 and 0.02572. With a correlation to future earnings close to zero, it is hard to imaging a hedge portfolio based only on 
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 can yield significant abnormal stock returns.
4.2 Mishkin Test Results --the Implication of Different Backlog Information to Future Earnings
4.2.1 Mishkin Test Results -- change in order backlog Information
Panel A in Table 8 reports the jointly estimated coefficients for model (1-1) and (1-2) obtained in the first stage (no constraints). Then, we jointly estimate model (1-1) and (1-2) again in the second stage, after imposing the rational pricing constraints (i.e., 
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 , where 
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=1 and/or 2). In panel B, overall model test reveals a significant likelihood ratio statistics of 42.939 (p<0.000) and suggests that we reject the null hypothesis that the market rationally prices incomes before extraordinary items (
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) and 
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 to their implications for one-year-ahead earnings.
Also from panel A, the valuation coefficient (
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=0.5380) of 
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 is larger than the forecasting coefficient (
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=0.2462) and the reaction ratio is 219%, suggesting that the stock market overprices incomes before extraordinary items relative to its ability to predict one-year-ahead earnings. The reaction ratio is statistically significant. 
Turning to the variable of change in order backlog information, the coefficient on 
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 in forecasting equation is positive (
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a

=0.0809) and statistically significant.  Dividing the coefficient (
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=0.0809) by the median of return on sales (0.0393) for our sample
 and then multiplying by the median of order backlog divided by sales, the resulting coefficient is 0.3372. Thus, the incremental contribution of 
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 in predicting future earnings is slightly larger than the magnitude of the coefficient on earnings persistence (0.2462). The result suggests that change in order backlog information has incremental contribution in forecasting future earnings after controlling for current earnings. 
The valuation coefficient on 
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=-0.2232) is negative and smaller than the forecasting coefficient (
[image: image107.wmf]2
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=0.0809). It means that the market underprices change in order backlog information (the reaction ratio=-376%). The difference between the two coefficients is statistically significant (likelihood ratio test statistic= 9.28, p= 0.002). Thus, the stock market appears not to appreciate the implication of change in order backlog information for future earnings then places a lower weight on change in order backlog information.   
4.2.2 Mishkin Test Results -- the Current Order Backlog Information 

We replicate the model of RSV (Table 2 on page 474) with our sample and the result is shown in Table 9
.  As compared to their results, the forecasting coefficient of 
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 in our research is insignificantly (
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0.0066), as compared to their significant result (slope coefficient= 0.008). Turning to the comparison of the results of the tests of valuation equations, the null hypothesis that the stock market rationally price order backlog information can not be rejected at any conventional significance level (p-value= 0.906).
 We believe that, given the knowledge of current earnings and in a cross sectional model, the level of order backlog information provides no incremental contribution in predicting future earnings. We conjecture that the marginal predicting power of the level of order backlog is only a surrogate of the change in order backlog.
4.2.3 Mishkin Test Results -- change in order backlog v.s. level of order backlog
In Table 10, we incorporate the two leading indicators simultaneously to test our conjecture that level of order backlog provides no marginal contribution in predicting future earnings.
In panel A of Table 10, either the coefficient of forecasting equation or the coefficient of valuation equation on variable 
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, the similar to those in Table 8 and Table 9. Turning to the comparison of the two leading indicators, the coefficient on 
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 in forecasting equation is still significantly positive (
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=0.0883) and of a similar magnitude. However, the forecasting coefficient of 
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 is still not significant and the sign of the coefficient even changes to negative (
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= -0.0063).  

The results so far are consistent with our assertion that it is the change in order backlog which provides for marginal predicting power over current earnings, not the level of order backlog. 

The valuation coefficient on 
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 (
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= -0.2846) is negative and smaller than the forecasting coefficient (
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=0.0883). This is similar to the evidence in Table 8. Furthermore, the valuation coefficient (
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= 0.0519) on 
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 after controlling variable 
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 is still not significant. 
4.3 I/B/E/S Data Test Results --How do the Analysts use the information of Backlog?

In this section, we examine how the analysts, the sophisticated market intermediaries, use order backlog information when they generate earnings forecasts. We test how efficient they use the order backlog information for predicting future earnings as well. In table 11, the results of actual EPS equation (i.e., model (4-1), model (5-1), and model (6-1)) are consist and comparable with the results forecasting equation in Table 8, Table 9, and Table 10, except that the earnings persistence coefficients (coefficients of 
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) are larger than those in Table 8, Table 9, and Table 10.
Table 11 also reports the results of earnings forecast equations (i.e., model (4-2), model (5-2), and model (6-2)). The coefficient on change in order backlog information (
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) is statistically significant (
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=0.0229) in model (4-2). Thus, the analysts do use change in backlog to generate their earnings forecast, but we still do not know whether or not they can use it in an efficient way. Furthermore, the coefficient on the level of order backlog information (
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) in model (6-2) is statistically significant (
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=0.0064). This is consistent with the results in RSV (Table 6 in their paper). However, when we incorporate the two backlog variables simultaneously in model (6-2), the coefficient on 
[image: image126.wmf]BKLG

D

 is still statistically significant (
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= 0.0175) but the coefficient on 
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 is not insignificant (
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= 0.0041). Therefore, the conclusion in RSV that analysts use the current order backlog information in addition to information in current realized earnings to generate their future earnings forecast may be an error inference. In modeling analysts’ forecast of future earnings given current earnings using cross sectional samples, the appropriate measure seems to be the change in order backlog, not the level of order backlog. 
Finally, the results, for the assessment on how efficient analysts use the order backlog information in predicting future earnings, from the forecast error equations (model (4-3), model (5-3) and model (6-3)) are quite interesting. In panel B of Table 11, the insignificant coefficient on 
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 in model (5-3) is consistent with the result reported in RSV and seems to suggest that analyst forecast error is uncorrelated with the backlog information. But note that in Panel A, the significance of coefficient (
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) in equation (4-3) indicates that analysts do not fully appreciate the implication of the change in order backlog information for future earnings. Combine this result with the significant coefficient (
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) in model (6-3), which incorporates both the change in order backlog and level of order backlog as explanatory variables, we find that the conclusion of efficient usage of backlog information by the analysts in RSV could be a misleading inference.
Ancillary evidence can also be found in equation (6-3) of Panel C. The coefficient on 
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 is negative and statistically significant, meaning that analysts’ forecast error decreases as the level of order backlog increases. In summary, after controlling for the information in current earnings, the level of order backlog has no incremental information about future earnings and yet, it appears that financial analysts have a wrong interpretation on the this information. On the other hand, change in order backlog has incremental information about future earnings in the presence of current earnings and the analysts do not fully use this information efficiently.
4.4 The Hedge-Portfolio Test Results -- the Implication of Different Backlog Information to Future Earnings 

The Mishkin test suggests that the market acts as if it assigns a lower valuation coefficient of change in order backlog information relative to its forecasting coefficient. Since Mishkin test on the whole sample period suffers from a ‘look-ahead’ bias as mentioned in Beaver and McNicols (2001) and Wahlen (2001). Similarly, we check the robustness Mishkin test result with a calendar-time portfolio regression described in Fama and French (1993). 
We group firms into portfolio deciles each year based on the ranking of change in order backlog information (
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). If a trading strategy which longs stocks in the highest decile group and shorts the stocks in the lowest decile group yields positive abnormal returns in next year, then this would further support inferences from the Mishkin test that the stock market underprices 
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 in the portfolio formation year. We regress these adjusted returns for 
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 portfolios on market, firm size, and book-to-market factors as shown in Equation (8):
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where,
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	=
	the value-weighted monthly return on the 
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 portfolio;
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	=
	the one-month Treasury bill rate at the beginning of the month;
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	=
	the value-weighted monthly return on all NYSE and AMEX stocks;
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	=
	the difference between value-weighted monthly returns of portfolios of small and large stocks (below or above the median of all NYSE , AMEX and NasDaq);
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	=
	the difference between value-weighted monthly returns of high and low book-to-market stocks(above and below the 70 percent and 30 percent fractiles of book-to-market, respectively).


We calculate returns for the 12 months beginning from the April following the fiscal year-end. Table 12 reports the average of the 285 monthly abnormal returns (the estimate of the intercept, 
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a

) on the highest portfolio and the lowest portfolio deciles after controlling for the market, firm size, and book-to-market factors.

For highest 
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 portfolios in Table 12, we find evidence of insignificant positive abnormal returns in the year after portfolio formation. The estimated mean monthly abnormal return (0.136%, the intercept) is equivalent to a one-year-ahead annual abnormal return of approximately 1.65%. As to the lowest 
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 portfolios, we also find insignificant positive abnormal return in the year after portfolio formation. The estimated mean monthly abnormal of 0.0169% implies a one-year-ahead annual abnormal return of approximately 0.20%.  Therefore, the long and short hedge portfolio earns an insignificant annual abnormal return of 1.45%. This result is inconsistent with the Mishkin test reported.

5. CONCLUSION
In this paper, we argue that the level of order backlog is not comparable across firms and also that realized current earnings should contain information in the level of order backlog in the previous year. Therefore, in a cross-sectional model with current earnings information, it is the change in order backlog that provides incremental information over current earnings, not the level of order backlog. This model specification issue is important because the results in Rajgopal, Shevlin, and Venkatachalam (2003) that the level order backlog predicts future earnings is because of this information is a surrogate of the change in order backlog information. Besides, their conclusion that analysts fully appreciate the implication of order backlog information about future earnings is due to this mis-specification error.

We find that (i) in the presence of current earnings, it is the change in order backlog, not the level of order backlog, which has incremental information about future earnings, (ii) hedge portfolio based on order backlog information can not earning significant abnormal returns, (iii) financial analysts do incorporate change in order backlog into their earnings forecast, and (iv) financial analysts’ earnings forecast error is correlated with the change in order backlog, indicating that analysts do not use order backlog information in an efficient way.
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Table 1: Transition matrices of order backlog (deflated by sales) deciles
	t+1

t
	D=0
	D=1
	D=2
	D=3
	D=4
	D=5
	D=6
	D=7
	D=8
	D=9
	total no.
	Change in ranking≦1

	D=0
	337       72.01%
	93       19.87%
	17        3.63%
	7        1.50%
	6        1.28%
	2        0.43%
	3        0.64%
	1        0.21%
	2        0.43%
	0

0%
	468
100%
	430

91.88%

	D=1
	112       22.36%
	247       49.30%
	109       21.76%
	19        3.79%
	7        1.40%
	4        0.80%
	1        0.20%
	0

0%
	1        0.20%
	0

0%
	501

100%
	468

93.42%

	D=2
	27        5.36%
	117       23.21%
	211       41.87%
	86       17.06%
	27        5.36%
	17        3.37%
	12        2.38%
	3        0.60%
	3        0.60%
	1        0.20%
	504

100%
	414

82.14%

	D=3
	9        1.79%
	24        4.76%
	101       20.04%
	202       40.08%
	86       17.06%
	54       10.71%
	16        3.17%
	9        1.79%
	3        0.60%
	0

0%
	504

100%
	389

77.18%

	D=4
	5        0.99%
	8        1.59%
	34        6.76%
	113       22.47%
	164       32.60%
	164       32.60%
	40        7.95%
	18        3.58%
	5        0.99%
	5        0.99%
	503

100%
	441

87.67%

	D=5
	1        0.20%
	7        1.40%
	15        3.01%
	46        9.22%
	136       27.25%
	133       26.65%
	113       22.65%
	35        7.01%
	9        1.80%
	4        0.80%
	499

100%
	382

76.55%

	D=6
	2        0.40%
	4        0.80%
	6        1.20%
	18        3.59%
	47        9.36%
	111       22.11%
	188       37.45%
	97      19.32%
	22        4.38%
	7        1.39%
	502

100%
	396

78.88%

	D=7
	1        0.20%
	2        0.40%
	5        1.00%
	12        2.40%
	24        4.80%
	42        8.40%
	97       19.40%
	205       41.00%
	98       19.60%
	14        2.80%
	500

100%
	400

80.00%

	D=8
	1        0.20%
	1        0.20%
	4        0.80%
	5        1.00%
	7        1.41%
	12        2.41%
	27        5.42%
	111       22.29%
	253       50.80%
	77       15.46%
	498

100%
	441

88.55%

	D=9
	1        0.20%
	0

0%
	1        0.20%
	1        0.20%
	2        0.40%
	1        0.20%
	2        0.40%
	14        2.78%
	95       18.85%
	387       76.79%
	504

100%
	482

95.64%


Note: This Table presents transition matrices of order backlog deciles in year t-1 to accrual deciles in year t. The level of order backlog is deflated by sales. The rows correspond to year t decile rankings and the columns correspond to year t+1 decile rankings. The second last column reports total number of firm-years for each decile in year t. The numbers in the last column are the sums of the number of firms which have change in ranking less or equal to one from year t to year t+1. For example, 430 (91.88%) in the second raw means that among the 468 firms ranked 0 in year t, 430 firms (91.88%) have decile rankings equal to 0 or 1 in year t+1. Thus, about 92% of firms have change in ranking less or equal to one.
Table 2 Transition matrices of change in order backlog (deflated by sales) deciles 
	t+1

t
	D=0
	D=1
	D=2
	D=3
	D=4
	D=5
	D=6
	D=7
	D=8
	D=9
	total 
	note 1

	D=0
	87       18.01%
	42        8.70%
	45        9.32%
	29        6.00%
	23        4.76%
	29        6.00%
	41        8.49%
	54       11.18%
	47        9.73%
	86       17.81%
	483

100%
	129

26.71%

	D=1
	42        8.35%
	63       12.52%
	40        7.95%
	61       12.13%
	35        6.96%
	42        8.35%
	66       13.12%
	61       12.13%
	61       12.13%
	41        8.15%
	503

100%
	145

28.82%

	D=2
	34        6.81%
	61       12.22%
	58       11.62%
	62       12.42%
	71       14.23%
	74       14.83%
	53       10.62%
	36        7.21%
	37        7.41%
	13        2.61%
	499

100%
	181

36.26%

	D=3
	22        4.53%
	35        7.20%
	62       12.76%
	77       15.84%
	80       16.46%
	75       15.43%
	48        9.88%
	40        8.23%
	32        6.58%
	15        3.09%
	486

100%
	219

45.06%

	D=4
	18        3.56%
	38        7.52%
	58       11.49%
	89       17.62%
	77       15.25%
	71       14.06%
	58       11.49%
	39        7.72%
	32        6.34%
	25        4.95%
	505

100%
	237

46.93%

	D=5
	17        3.44%
	43        8.70%
	70       14.17%
	60       12.15%
	80       16.19%
	66       13.36%
	57       11.54%
	54       10.93%
	30        6.07%
	17        3.44%
	494

100%
	203

41.09%

	D=6
	33        6.61%
	51       10.22%
	62       12.42%
	50       10.02%
	63       12.63%
	55       11.02%
	52       10.42%
	63       12.63%
	48        9.62%
	22        4.41%
	499

100%
	170

45.09%

	D=7
	47        9.31%
	70       13.86%
	53       10.50%
	38        7.52%
	38        7.52%
	45        8.91%
	55       10.89%
	48        9.50%
	69       13.66%
	42        8.32%
	505

100%
	172

34.05%

	D=8
	70       13.75%
	63       12.38%
	44        8.64%
	23        4.52%
	29        5.70%
	37        7.27%
	44        8.64%
	44        8.64%
	72       14.15%
	70       13.75%
	509

100%
	186

36.54%

	D=9
	112       22.40%
	41        8.20%
	20        4.00%
	20        4.00%
	17        3.40%
	15        3.00%
	32        6.40%
	40        8.00%
	72       14.40%
	72       14.40%
	500     

100%
	144

28.8%


Note: This Table presents transition matrices of change in order backlog deciles in year t-1 to accrual deciles in year t. The change in order backlog is deflated by sales. The rows correspond to year t decile rankings and the columns correspond to year t+1 decile rankings. The second last column reports total number of firm-years for each decile in year t. The numbers in the last column are the sums of the number of firms which have change in ranking less or equal to one from year t to year t+1. 

Table 3 Variance and Mean Variance of Order Backlog Information
	Variables
	All firm-year data
	SIC code 35
	SIC code 36
	SIC code 38

	
	Variance of  all firm years
	Mean of the variance of each firm
	Variance of  all firm years
	Mean of the variance of each firm
	Variance of  all firm years
	Mean of the variance of each firm
	Variance of  all firm years
	Mean of the variance of each firm
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	554,804
	147,183
	 3,878,322
	265,357
	11,196,787
	2,353,301
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	415,634
	279,608
	50,029
	53,618
	78,855
	156,696
	351,473
	165,579
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	0.1367
	0.02307
	0.03475
	0.01644
	0.08826
	0.02321
	0.1291
	0.02231
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	0.01701
	0.01695
	0.01931
	0.02284
	0.01917
	0.01889
	0.02181
	0.02240
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	0.3528
	0.06552
	0.05982
	0.04159
	0.1322
	0.03456
	0.2585
	0.05317
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	0.03500
	0.03238
	0.02433
	0.03058
	0.02798
	0.02394
	0.03295
	0.04019
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	0.4724
	0.1591
	0.2103
	0.3234
	0.2042
	0.08460
	0.3312
	0.1029
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	0.08158
	0.08404
	0.09560
	0.1560
	0.05149
	0.04679
	0.05917
	0.07703

	Sample size
	7,243
	700
	907
	87
	1,072
	90
	676
	57
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	Table 4 Descriptive statistics—Mishkin Test

	Variables
	Mean
	Median
	Standard Deviation
	Max
	Min

	Panel A: Original variables (before deflation)

	
[image: image175.wmf]it

NI

(million $)
	68.9599
	7.9500                 
	740.4743
	16,819
	-44,574

	
[image: image176.wmf]it

BKLG

D

(million $)
	37.9201
	0                 
	644.6972
	21,352
	-14,009

	
[image: image177.wmf]it

BKLG

(million $)
	738.0472
	21.1000                     
	4,756
	120,600
	0

	
[image: image178.wmf]1

-

it

TA

(million $)
	2,145
	207.1600               
	19,044
	750,507
	0.6900

	
[image: image179.wmf]1

-

it

S

(million $)
	1,560
	239.5600               
	5,975
	151,802
	0.0500

	
[image: image180.wmf]it

RI


	0.2336
	0.1053            
	0.7876
	12.21677
	-0.9685

	
[image: image181.wmf]t

RM


	0.1311
	0.1389             
	0.2491
	0.83668
	-0.3950

	Panel B: Model variables(after deflation)

	
[image: image182.wmf]it

NI


	0.0468
	0.0550                      
	0.2350
	6.4322
	-8.9074       

	
[image: image183.wmf]it

BKLG

D


	0.0251
	0                      
	0.1304
	0.8118
	-0.4698       

	
[image: image184.wmf]it

BKLG


	0.2829
	0.16671                      
	0.3698
	2.4719
	0       

	
[image: image185.wmf]t

ARE


	0.1025
	-0.0046                      
	0.7775
	11.7088
	-1.6303      

	Note 1: The sample size is 7,243firm-years from 1982 to2005.
Note 2: The variables for panel A: 
[image: image186.wmf]1

-

it

TA

= the beginning total asset of firm
[image: image187.wmf]i

at time
[image: image188.wmf]t

; 
[image: image189.wmf]1

-

it

S

= the sales of firm
[image: image190.wmf]i

at time
[image: image191.wmf]1

-

t

;
[image: image192.wmf]it

RI

: the raw stock return of firm
[image: image193.wmf]i

at time
[image: image194.wmf]t

;
[image: image195.wmf]t

RM

: the market return at time
[image: image196.wmf]t

. The variables for panel B: 
[image: image197.wmf]it

NI

= Income before extraordinary items of firm
[image: image198.wmf]i

at time
[image: image199.wmf]t

scaled by beginning total assets; 
[image: image200.wmf]it

BKLG

D

 = Change in order backlog divided by sales of firm
[image: image201.wmf]i

at time
[image: image202.wmf]t

(that is  (
[image: image203.wmf]1

-

-

t

t

BKLG

BKLG

)/
[image: image204.wmf]t

SALE

);
[image: image205.wmf]it

BKLG

=Order backlog divided by sales firm
[image: image206.wmf]i

at time
[image: image207.wmf]t

;
[image: image208.wmf]t

ARE

= the market-adjusted abnormal stock return of firm
[image: image209.wmf]i

at time 
[image: image210.wmf]1

+

t

.



	Table 5 Descriptive statistics—I/B/E/S Data Test 

	Variables
	Mean
	Median
	Standard Deviation
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	Panel A: Original variables (before deflation)
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	Table 6 Correlation Matrix—Mishkin Test
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	Table 7  Correlation Matrix— I/B/E/S Data Test
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	Table 8 Regression Results of Rationally Pricing of △BKLG and NI with Respect to Their Implications for One-Year-Ahead NI 
Forecasting Equation:
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	Table 9 Regression Results of Rationally Pricing of BKLG and NI with Respect to Their Implications for One-Year-Ahead NI 
Forecasting Equation:
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	Table 10 Regression Results of Rationally Pricing of BKLG, △BKLG and NI with Respect to Their Implications for One-Year-Ahead NI 
Forecasting Equation:
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	variables
	Forecasting equation
	Valuation 

equation
	Mishkin test

	
	coefficient

(
[image: image354.wmf]q

)
	Asymptotic Standard Error
	coefficient

 (C)
	Asymptotic Standard Error
	Implied
[image: image355.wmf]q



[image: image356.wmf]1

/

c

C

-

=


	
[image: image357.wmf]q

q

*


	note 2

Mishkin
[image: image358.wmf]2

c


	p value

	Intercept
	0.0310***
	0.003
	
	
	
	
	
	

	
[image: image359.wmf]1

+

it

NI


	
	
	0.6678***
	0.052
	
	
	
	

	
[image: image360.wmf]it

NI


	0.2460***
	0.009
	-0.3603***
	0.041
	0.5395
	219%
	33.962***
	<0.000

	
[image: image361.wmf]it

BKLG

D


	0.0883***
	0.017
	0.1900***
	0.076
	-0.2846
	-422%
	12.578**
	<0.000

	
[image: image362.wmf]it

BKLG


	-0.0063  
	0.006
	-0.0346  
	0.027
	0.0519
	920%
	2.770  
	0.096

	Panel B: Simultaneous Constrains on All Variables

	
	Mishkin test

	
	note 2

Mishkin
[image: image363.wmf]2

c


	p value

	
[image: image364.wmf]1

*

1

q

q

=

，
[image: image365.wmf]2

*

2

q

q

=

 and 
[image: image366.wmf]3

*

3

q

q

=


	45.672***
	<0.000
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Note 4:  Asterisks indicate significant at 10% level (*), 5% level (**), and 1% level (***). 


	Table 11 Regression Results of the Relation Between △BKLG, BKLG and Analysts’ Earnings Forecast and Forecast Errors. 

	Panel A: Relation Between △BKLG and Analysts’ Earnings Forecast and Forecast Errors
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	Actual EPS Equation (5-1)
	Forecast EPS Equation (5-2)
	Forecast Error Equation (5-3)

	Intercept
	0.0153***
	(8.36)
	0.0443***
	(36.96)
	-0.0289***
	(-19.40)
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	0.5175***
	(36.16)
	0.3370***
	(38.94)
	0.1805***
	(15.49)
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	0.0836***
	(5.47)
	0.0229** 
	(2.48)
	0.0607***
	(4.88)

	Panel B: Relation Between BKLG and Analysts’ Earnings Forecast and Forecast Errors
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	Actual EPS Equation (6-1)
	Forecast EPS Equation (6-2)
	Forecast Error Equation (6-3)

	Intercept
	0.0156***
	(6.97)
	0.0430***
	(31.87)
	-0.0274***
	(-15.05)
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	0.5217***
	(36.38)
	0.3383***
	(39.13)
	0.1834***
	(15.72)
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	0.0057  
	(1.18)
	0.0064** 
	(2.21)
	-0.0007   
	(-0.18)

	Panel C: Relation Between △BKLG, BKLG and Analysts’ Earnings Forecast and Forecast Errors
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	Actual EPS Equation (7-1)
	Forecast EPS Equation (7-2)
	Forecast Error Equation (7-3)

	Intercept
	0.0169***
	(7.52)
	0.0433***
	(31.88)
	-0.0263***
	(-14.44)
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	0.5170***
	(36.11)
	0.3374***
	(38.97)
	0.1796** 
	(15.42)
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	0.0921***
	(5.47)
	0.0175*  
	(1.72)
	0.0746***
	(5.45)
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	-0.0064  
	(-1.21)
	0.0041  
	(1.29)
	-0.0105** 
	(-2.44)

	Note 1:  The sample size is 4,261firm-years from 1982 to 2005.
Note 2:  Asterisks indicate significant at 10% level (*), 5% level (**), and 1% level (***). T value is in parentheses.
Note 3:  
[image: image398.wmf]it

EPS

= earnings per share as reported by I/B/E/S, scaled by stock price firm 
[image: image399.wmf]i

 at time 
[image: image400.wmf]t

; 
[image: image401.wmf]1

+

it

FEPS

= I/B/E/S median consensus for time 
[image: image402.wmf]1

+

t

 earnings forecast per share reported four months after the end of previous fiscal year firm 
[image: image403.wmf]i

 at time 
[image: image404.wmf]t

, scaled by stock price; 
[image: image405.wmf]1

+

it

FERR

= he forecast error computed the difference between 
[image: image406.wmf]1

+

it

EPS

 and 
[image: image407.wmf]1

+

it

FEPS

 firm 
[image: image408.wmf]i

 at time 
[image: image409.wmf]t

 (that is 
[image: image410.wmf]1

1

+

+

-

it

it

FEPS

EPS

); 
[image: image411.wmf]it

BKLG

D

 = Change in order backlog divided by sales of firm
[image: image412.wmf]i

at time
[image: image413.wmf]t

(that is  (
[image: image414.wmf]1

-

-

t

t

BKLG

BKLG

)/
[image: image415.wmf]t

SALE

); 
[image: image416.wmf]it

BKLG

=Order backlog divided by sales firm 
[image: image417.wmf]i

 at time 
[image: image418.wmf]t

. 




	Table 12 Results of Abnormal Stock Returns to Portfolio of △BKLG in Next Year after Portfolio Formation.

	Fama-French Parameters
	Highest portfolio
	Lowest portfolio

	
	Monthly Average
	t-value
	Monthly Average
	t-value

	Intercept (
[image: image419.wmf]p

a

)
	0.001360                          
	0.30
	 0.000169 
	0.06

	Market factor (
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b

)
	1.22036***
	11.87
	1.02400***
	15.23

	Size factor (
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)
	0.000002   
	0.18
	-0.000007     
	-0.87

	Book-to-market factor (
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h

) 
	-.000001
	-0.18
	0.000004   
	0.87

	Hedge (note3)
	0.0145 (p=0.826)
	
	

	Note 1:  Asterisks indicate significant at 10% level (*), 5% level (**), and 1% level (***).

Note 2:  Portfolio deciles are formed annually based on the ranking of growth in long-term net operating assets (
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). We estimate the following Fama and French (1993) regression:
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Where 
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R

= the value-weighted monthly return on the 
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 portfolio; 
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= the one-month Treasury bill rate at the beginning of the month; 
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R

= the value-weighted monthly return on all NYSE and AMEX stocks; 
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SMB

= the difference between value-weighted monthly returns of portfolios of small and large stocks (below or above the median of all NYSE and AMEX); 
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HML

= the difference between value-weighted monthly returns of high and low book-to-market stocks(above and below the 70 percent and 30 percent fractiles of book-to-market, respectively).
Note 3:  It’ is annual abnormal returns and p value for F test is in the parentheses.




� The transition matrices for decile rankings based on order backlog information deflated by assets and average assets show very similar patterns. 


� To form a hedge portfolio, we need order backlog information available in the same month of the year. As a result, we retain only calendar year firms. 


� We delete the observations with negative sales, because order backlog information is deflated by sales.


� We obtain 199,980 firm-year observations from Compustat industrial annual file, delete 58,460 observations for non-NYSE, non-AMEX firms and non-NASDAQ firms, 82,107 observations for non-calendar year firms, 16,124 observations for financial-related industries, 3,360 observations with negative sales, and 29,810 observations with missing order backlog information. Thus, the initial available financial data is 10,110 firm-years. 


� We obtain 1,229,793 observations from I/B/E/S, delete 420,273 observations for non-calendar year firms and 740,959 observations for the median consensus earnings forecast per share not reported at the fourth month (April) after the end of previous fiscal year.  


� Rajgopal, Shevlin, and Venkatachalam (2003) delete observation with zero order backlog information. Following out argument for the change in order backlog, order backlog equal to zero still provides additional information regarding future earnings.   


� The return of sale is computed with income before extraordinary items divided by sales. The result is not tabulated.


� Our sample period is 1982-2005. We delete non-calendar year firms and retain the observation with zero order backlog information. In Rajgopal, Shevlin, ane Venkatachalam (2003), the sample period is from 1981to 1999. They did not delete non-calendar year firms and they delete the observation with zero order backlog information. 


� We run model (2-1) and (2-2) again with our sample that is deleted the observation with zero order backlog information (it is not unreported), the result dose not change. The forecasting coefficient on� EMBED Equation.3  ���changes to be negative and is not significant. The other coefficients are bigger than the coefficients in Table 9.  


� We also run model (1-1) and (1-2) with raw returns cumulated from the calendar year end. The forecasting coefficient on � EMBED Equation.3  ��� (� EMBED Equation.3  ���=0.0849) is still statistically significant. However, the valuation coefficient on � EMBED Equation.3  ��� (� EMBED Equation.3  ���=0.1746) is insignificant. And the difference between valuation coefficient on � EMBED Equation.3  ��� and forecasting coefficient on � EMBED Equation.3  ��� is insignificant. The result of valuation equation is not robust.
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