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1. Introduction
Financial markets have a feature of demonstrating relatively rare, but significant discontinuities, so-called jumps, in different financial variables. A number of empirical and theoretical studies proved the existence of jumps as well as their significant impact on financial management. For instance, Johannes (2004) and Jiang, Lo and Verdelhan (2011) found that prescheduled macroeconomic announcements cause jumps in U.S. Treasury-bond prices, and Schneider, Soegner and Veza (2007)  provide the “economic understanding in the implied loss given default and risk-premia attached to the risk of sudden jumps in CDS spreads”.  More relevant to the present study, papers by Pattel and Wolfson (1981, 1984), Maheu and McCurdy (2004) and Dubinsky and Johannes (2006) provide evidence of jumps in stocks prices on the quarterly earnings announcements dates (later on simply referred as EADs). This evidence is the primary motivation for the present paper. 
As mentioned above, jumps occurrence is crucial for financial management. One of the main reasons for this is the fact that the kind of jumps arriving on EADs affects the implied volatility, and, consequently, the price of an option. This fact uncovered the whole field for investigations of option pricing models with jumps and recently spawned several prominent papers such as ones by Dubinsky and Johannes (2006), and Gelman and Storcheus (2013).  The work of latter authors has implementations for hedging strategies and “assessing the uncertainty connected to the earnings announcement”. Developing the application of jumps on the EADs for the risk management, Barth and So (2013) discuss “options hedging against market volatility at EADs” and find a “significant positive relation between risk premiums embedded in pre-announcement prices of firms’ traded options and market-wide earnings announcement volatility risk”.
By looking on the examples from the literature above one should be convinced, that jumps are important phenomena on financial markets.  Nonetheless, comparatively little is known about the significant differences in the documented frequencies and intensities of jumps. There are relatively few papers, analyzing the cross-sectional variation in the frequency and the magnitude of jumps caused by new information, in general. There is a study by Andersen, Bollerslev, Diebold, and Vega (2003), which examines the determinants of jumps in the U.S. dollar spot exchange rates. Then, in the aforementioned paper, Dubinsky and Johannes (2006) raise the question of contributions of such factors as “firm age, analyst dispersion, or analyst coverage to the earnings uncertainty”, however, to the best of our knowledge, these relationships have not been estimated yet. There is a paper by Zhou and Zhu (2010), which is probably the closest by the spirit to our study. While authors mainly focus on the frequency and the arrival of jumps, they also analyze relationships between fundamental values of companies and the direction and intensity of jumps. This relationship is of the particular interest in the present paper. Alongside with fundamentals, however, other firm-specific variables will be analyzed in this work, as well as systematic factors, common to all firms on the market.
We hope to make a contribution to the literature by investigating the relationship between certain firm-specific and systematic factors and the magnitude or the intensity of jumps, by using the cross-sectional sample of firms. Since there are only a few studies of this kind, we hope to provide more evidence on the established mechanisms. 
In the next section several key papers that provide theoretical and empirical back group to the present work are reviewed. The third section contains the description of data used in the present study and the methodology applied. In the fourth section results are presented and discussed. Last section briefly summarizes the key points of this work.


















2. Literature review
	There is some serious evidence of stock prices jumps and jumps in option implied volatility on EADs, documented in the literature. Let us briefly review different approaches to capturing these jumps, since the existence of jumps themselves determines the success of our work. Patell and Wolfson (1984) study the response of individual equity prices to earnings announcements using transaction data and find that price reaction to earnings (and dividend) announcements begins very quickly. The reaction (which is the first change in price) occurs “within at most a few minutes of the release of the news.” Their research also indicates that some adjustments begin in an hour or two preceding the news release, but the largest portion of the price response occurs “in the first five to fifteen minutes after the disclosure”. Graph 1, originally constructed by Pattel and Wolfson (1981), represents the relative frequency of price change continuations surrounding earnings announcements. 
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Graph 1
This graph illustrates that the continuation frequency rises sharply at the earnings
announcement, and although it then declines within the fifteen minutes of the release, their study proves that it is still significantly above the non-announcements days’  level for approximately another  90 minutes. These deductions of their work are useful for the present analysis at least for two reasons: first, they demonstrate that jumps do exist, and second, that jumps truly occur right after the announcements. The second fact indicates that the event window of 1 day for the purposes of the present study is enough.
Maheu and McCurdy (2004), have developed a model with two components of the return distribution that are implied by two different types of news. They interpret the innovation to returns, which is obtained from price data directly, as the news impact from latent news innovations. Authors provide an empirical evidence of time dependence in jump intensities for individual stocks and indices using the advantages of their model. Authors also found traditional “good and bad news asymmetry” (which means that bad news tend to have stronger influence on stocks’ prices than good news), but they also state that this asymmetry “appears mostly when no jumps occur. In contrast, when jumps do occur, this asymmetric effect diminishes in favor of a more symmetric effect on expected volatility. Results of this paper are useful for the present study in at least two ways: first, authors prove that “both macro- and firm-specific news cause individual stocks to jump”, and second, these result help to justify an assumption, which we have to make in order to use GARCH in the model, which will be explained below.
Dubinsky and Johannes (2006) introduce the reduced form model with both jump and diffusive components. To quantify the importance of accounting for earnings announcements when pricing individual stock, they estimate stochastic volatility model with and without jumps on earnings dates. Authors found that adding jumps on EADs improves the model significantly, as a “stock price jump at the earnings announcement significantly reduces option-pricing errors” (since uncertainty around earnings announcements plays a central role in determining option prices in their paper). So earnings announcements can be reasonably modeled by a discontinuous component in the price. The main difference between Johannes and Dubinsky’s paper and Pattel and Wolfson (1981) is that Johannes and Dubinsky take as granted one of the main conclusions from Pattel and Wolfson’s work that option prices already contain information about earnings announcements. 
The major work directly in the area of cross-sectional variations of jumps is done by the already mentioned authors Zhou and Zhu (2010). According to them, their study was “the first to systematically investigate a large sample of individual securities for the understanding of cross-sectional dependence of jump innovations on a set of firm attributes, conditioned on informational shocks from quarterly earnings announcements.” As is clear from the citation, authors analyze the cross-sectional heterogeneity of factors, influencing the arrival, magnitude and intensity of the jump. Moreover, they have established that there is relatively little evidence on the specific determinants of jumps. In their work authors use the so-called “snapshots” approach to mitigate the “problem of missing variables” which arises from the difficulty to specify all kinds of news that cause the jumps. So Zhou and Zhu choose the short event window around quarterly earnings announcements, and so is done in our work, as was mentioned above. Among the other techniques, authors use the two-stage Heckman selection model to estimate the effect of firms’ fundamentals on the sizes of jumps. They provide evidence that “firm size is negatively correlated with absolute jump sizes”, whilst the trading volume, turnover, and book-to-market ratio, are positively correlated with absolute jump sizes. We will be oriented by these results, when conducting our research below. Some of the above relationships will be described in more details below.
Overall, all the discussed papers find sufficient evidence of jumps in stock prices on the dates of quarterly earnings announcements and moreover they prove importance of these jumps for both stock and option pricing. The paper, discussed in the above paragraph, not only provides evidence of significant cross-sectional differences of characteristics of jumps, but also establishes the starting point to the whole family of investigations, aimed to determine the ultimate factors causing these differences. The present paper aims to estimate some of the factors, that are believed to help to explain these cross-sectional differences and shed some light on the characteristics of jumps sizes in our sample.
















3. Data and Methodology
The sample, investigated in this study consists of 100 U.S. companies listed in the S&P 500 index and traded on NYSE and NASDAQ. Companies in the sample cover all 10 industries distinguished by Global Industry Classification Standard: Energy, Materials, Industrials, Health Care, Consumer Discretionary, Consumer Staples, Telecommunication Services, Financials, Information Technology and Utilities. The list of full names as well as tickers and indicated industries is provided in the Appendix A. The slight preference was given to companies operating in informational technologies and consumer discretionary industries, since companies in these industries tend to have the low dividends policy or do not pay dividends at all. For instance, sample average dividend per share (DPS) over years 2002-2012 is the lowest for the IT industry (around 20 cents), and highest in utilities (around 1,5 dollars). Averages of DPS in all industries for the same period (2002-2012) are provided in Appendix B. Dividend policy is relevant to the discussion, because dividends announcements as well as earnings ones affect volatility of the returns, creating additional jumps on dividends announcements days. However, since we are interested in the cross-section of all companies, industries other than IT are not neglected.
Dates of earnings announcements were collected from the 1st of March, 1999 to 31tst of December, 2012. For all companies, except for two, there are 55 quarterly earnings announcements during 14 years, and for the 2 aforementioned companies there are 54 announcements, which totals 5498 events during the time span. Since the dates of earnings announcements were largely unavailable for the fourth quarter of 1998 (typically released in January-February of the following year), data is collected starting from the 1st of March, 1999. To compensate for the missing events in the begging of 1999, last quarter earnings announcement of year 2012 (those are released in the January-February of 2013) were used, however later they were eliminated, since the average yearly jump was to be calculated, as will be described below, and 1 observation to account for yearly average was naturally not enough.
 	The main source of dates of announcement is the web site earnings.com, and in exceptional cases companies’ official web sites and various news releases. Stocks’ prices and fundamental values such as market capitalization, market to book value and turnover volume are collected from the DataStream. To account for the normal return market model is used: S&P 500 composite index (its values were also collected from the DataStream) is used as market proxy to account for macroeconomics fluctuations and model “normal” changes in stock prices.  
The market model:

Returns on all stocks and the S&P500 index are calculated as follow:                               

The error term in the market model is defined as follows:


In the error term the second multiple,  , is the White noise, meaning that it is distributed normally with mean of 0, and standard deviation of 1: 
      


The square of the first multiple in the error term,   , represents the volatility of stocks’ prices, and is modeled as GARCH (generalized autoregressive conditional heteroskedasticity) process with lagged by 1 period error term, and its own value lagged by 1 period:


Besides the standard GARCH(1,1) expression, the sum of dummy variables is present in the variance equation.  These dummy variables, denoted as , indicate earnings announcements days in each year from 1999 to 2012. The estimated period of 14 years is divided into sub-periods each of one year, following the trade-off between the precision of coefficients, and representativeness, or, parsimony. Average yearly coefficients are aggregating the jumps within fiscal years, that makes economic sense and mitigating the problem of giant number of dummy variables in the model. So,   represents an average intensity of the jumps in the volatility of the returns of the company i for the year y. Many authors including Zhou and Zhu (2010) had observed the vast difference between average frequencies of jumps for different companies, however in this study the number of jumps per year is fixed at 4 per year in 2000-2012 and at 3 in the year 1999, due to the reason, stated above. 
While using GARCH(1,1) model we have to make an assumption that positive and negative shocks have the same effect on volatility. However, this assumption is not totally unreasonable, because Maheu and McCurdy (2004), as briefly summarized above, find that “in the presence of jumps, the news impact curve displays less asymmetry”. 
To obtain 100  coefficients responsible for the yearly average magnitude of jump on the EAD, GARCH(1,1) model, specified above, is estimated for every company in the sample. After removing 1 outlying value (created by the returns on the stock of The Dow Chemical Company  in 2009, the value of its coefficient was 2000 times greater than the mean) the coefficients are preliminary analyzed and further aggregated as panel data. There are 10 cross-sections and 14 years. Obtained average yearly jumps coefficients are then regressed on a number of different variables.

 	First, there are fundamental variables for companies: market capitalization (or market value, MV), turnover volume (TRNV) and market-to-book value (MTB). Second, there is another firm-specific variable, analysts’ forecasts disagreement (AFD). Third, there are systematical variables: financial crisis of 2008-2009 (Crisis), dotcom bubble of 2000-2001(Dotcom), and finally the risk-premium on the US Equity market (RP). It should be noted that the logarithms of all quantitative variables expressed in dollars (since all companies are based in the United States) is used in our analyses, that it is not reflected in the above equation for the sake of clear appearance of the variables in the regression. The definitions of all variables are following.
Market value is defined as the share price multiplied by the number of ordinary shares issued. This variable, naturally, is responsible for the size of the firm. The negative correlation with the jump size is expected, as, intuitively, the bigger firm implies higher security of returns, to some extent following the principle of “too-big-to-fail”.  Market-to-book value is the market value of the common equity divided by the balance sheet value of the common equity in the company. This variable attempts to identify the true or intrinsic value of securities, or, in other words, if the security is under of overvalued, relatively to its book value. If this ratio is greater than 1, than this equity is overvalued, is smaller – undervalued. The relationship is expected to be negative, as was already demonstrated by Zhou and Zhu (2010), who found evidence that firms with higher market-to-book demonstrate on average lower volatility of returns and absolute jump sizes. Turnover by volume shows the number of shares of a particular stock traded during the specified year. This variable aims to reflect the liquidity of the company’s stock. The correlation with the size of the jump is also assumed to be negative, as, intuitively, higher liquidity means easier sale and purchase of shares. Analysts’ forecasts disagreement is defined as the standard deviation of forecasts of earnings per share (EPS) for a given year. This variable reflects the accuracy of the earnings forecasts and therefore can be used to predict the size of the jump. The greater is the disagreement – the higher jumps are expected, therefore the relationship with the dependent variable is expected to be positive.
The systematic variables, in contrast to the firm-specific ones, are aimed to capture the market wide fluctuations, rather than cross-sectional characteristics variability. One of the recent examples of a systematic factor is the global financial crisis of 2008-2009. To account for this market condition, the  dummy variable Crisis is introduced, that takes the values of 1 for their financial crisis years (that are assumed to be 2008 and 2009), and 0 for the other years in the sample.  Another major crisis is the dotcom bubble period of 2000 and 2001, so the dummy Dotcom, that takes the value 1 for years 2000 and 2001, and 0 – otherwise, is introduced. Increasing volatility of returns due to adverse market conditions is expected to generate higher jumps, so we expect coefficients of both dummy variables to be positive. Just by looking at the graph, presented below, one can observe the heteroscedasticity of the realized returns.  This graph depicts the returns on the stock of the Kohl's Corporation (ticker: KSS), which is an American department store chain. This pattern of returns is typical to the most companies in the sample. There are two major periods of relatively high volatility: the 2008-2009 crisis times and the more spread out period in early 2000’s. The latter phenomenon could partly be explained by the fact that data on prices obtained from the Datastream for the majority of companies was more precise for approximately first 1000 observations (that is, years 1999, 2000, 2001 and 2002) than to the rest of the considered period. AS mentioned above, years 2000 and 2001 are years of dotcom bubble, therefore the major fluctuations of returns are believed to be caused by this market condition.
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Graph 2
Finally, the risk premium on the US equity market is introduced. As risk premium the implied values found by Aswath Damodaran’s under his approach[footnoteRef:1] are used. These are lagged, as in case with fundamentals. Preliminary, we expect the relationship to be positive, using the result discovered by Bath and So (2013): they state that “there is evidence of risk premiums embedded in prices of traded options that hedge against market volatility risk at earnings announcements. This indicates that investors anticipate these announcements to convey market-wide news and are averse to the increase in market uncertainty associated with the announcements.” Since the investors are averse to the described by authors uncertainly, they require higher risk premium on equity as well as on those option, that are used to hedge, when the uncertainty about the jump increases.  [1:  Equity Risk Premiums (ERP): Determinants, Estimation and Implications – The 2013 Edition] 

Once all the factors and hypothetical and established before relationships are described, we proceed to the estimation of the model.









4. Estimations and results
As outlined above, the first step of the analysis involved the calculation of the yearly average amount of the volatility jump on the days of earnings announcements for every stock. In order to do that, all earnings announcements were divided onto groups according to years, and introduced as dummy variables separately. 
The table presented below summarizes the estimation output for GARCH (1,1) model of returns on Xerox Corporation’s equity volatility, with the dependent variable of return. These results are typical for most firms in the sample. The results of this estimation procedure for all firms are provided in Appendix C.
Table 1
	Variable
	Coefficient
	z-Statistic

	C
	2.78E-05
	0.109791

	SP500
	1.167937
	57.0061


Mean equation: 

	C
	0.00000212
	0.00000037

	RESID(-1)^2
	0.07353200
	0.00319400

	GARCH(-1)
	0.91763700
	0.00307600

	1999
	0.00070300
	0.00036900

	2000
	0.00261700
	0.00053200

	2001
	0.00256700
	0.00033300

	2002
	0.00095300
	0.00022100

	2003
	0.00084500
	0.00011600

	2004
	0.00038100
	0.00005150

	2005
	0.00023500
	0.00005120

	2006
	0.00009830
	0.00003210

	2007
	0.00011500
	0.00003040

	2008
	0.00031400
	0.00007200

	2009
	0.00035600
	0.00010900

	2010
	0.00025600
	0.00004780

	2011
	0.00021100
	0.00003410

	2012
	0.00033200
	0.00004070


Variance Equation:











As confirmed by p-value for the variable GARCH(-1) and Durbin-Watson statistics, which is 2.1459, and which is greater than the relevant upper critical value of 1.847, GARCH(1,1) is a good fit for our volatility process.
The distribution of the coefficients for average jumps on each of the years from 1999 to 2012 is provided below. One adjustment has been made, though.  There was a definite outlier, the positive coefficient which was about 2000 times the mean, so this observation was dropped from the further analysis.
[image: ]
             Graph 3
The overall average yearly jump across companies and years is 0.000447, with standard deviation of 0.001225. The maximum jump is 0.01696, and the minimum is minus 0.004464. The cross-sectional averages can be found in the Appendix C. The following Graph 4 represents the average jump size for 14 years of estimations.
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                 Graph 4
As we see, the magnitudes of jumps vary greatly both across stocks and across years, which motivates further analysis. 
There is another, more detailed, graph representing the cross-sectional distribution of yearly averages values. The graph can be found in the Appendix D. Negative jumps of volatility are present. There are relatively few of them, compared to the number of positive jumps, however they are still present. These negative jumps on the first sight seem contradictory: once the earnings are announced, investors react to the news and the price immediately abruptly changes (as was shown by many authors, including Pattel and Wolfson (1984)), causing the volatility to jump upwards. Negative coefficients imply that prices (and therefore returns) change less on an EAD, than they would if no announcement has been made on this day. Zhou and Zhu (2010) apply the multinomial logit model, including both firm-specific values and the variable INFO which “…is the magnitude of contemporaneous or delayed informational shock due to earnings surprises” as explanatory variables. They find that some of these variables, including INFO increase the likelihood of negative jump; however they do not establish particular reasons for this phenomenon. These reasons are not quite clear, but it could be that imagined, that during the period of relatively high volatility, when the probability of high positive jumps increases, the probability of extreme negative jumps is also increased.
 	Before closely investigating the determinants of jumps values, the preliminary analysis is conducted. We would like to check whether jumps in fact do correlate with the industry in which the particular company operates. There are 10 dummy variables for 10 industries. Abbreviation CD stands for consumer discretionary,  CS – for consumer staples, FI – for financials, HE – for health, IND – for industrials, IT – for informational technologies, MAT – for materials, NRG – for energy, TC – for telecommunications and finally UT denominates utilities. The constant was excluded to avoid the dummy variable trap. The regression with dependent variable Jump (size of an average yearly jump for a company) was estimated with pooled OLS regression, which has shown the better fit than other models. Table 2 represent the estimated coefficient for the above dummy variables alongside with the corresponding t-statistics.
Table 2
	Variable
	Coefficient
	t-Statistic

	CD
	0.000173
	1.89523

	CS
	0.000571
	5.998039

	FI
	0.000116
	0.968952

	HE
	0.00062
	6.519834

	IND
	0.000438
	4.385431

	IT
	0.001016
	14.03802

	MAT
	0.000381
	3.620106

	NRG
	0.000116
	1.105825

	TC
	0.000311
	1.705068

	UT
	-3.82E-05
	-0.36345

	
	
	


These results imply that belonging to the IT industry brings the largest contribution to the price volatility jump. There is significant evidence that if company operates in the IT sector, the average yearly jump of its stock’s volatility increases, on average, by 0.001016. Operating in health and consumer staples industries brings the second highest contributions to jumps (0.000620 and 0.000571, on average, respectively). Companies that operate in materials and industrials sectors, on average, experience smaller contribution to the jump size. All the described above relationships are statistically significant, while the coefficients for financials, consumer discretionary, energy, telecommunications and utilities are insignificant in determining the intensity of the jump. As Schneider, Sogner and Veza (2007) conclude on a slightly different test, is actually applicable for the present investigation as well: “both financials and utilities sectors are heavily regulated, so the fear of structural default is low, and distress is only possible through mismanagement or fraud.” This observation is consistent with our results and implies that investors who hold the securities of companies operating in these two industries react to the news, on average, less than, say, in IT sector. 
Now we proceed to the results of the second step of the analyses. Here particular determinants of jumps, tested on panel data, are investigated.
As described in the previous section, there are several firm-specific variables, and several systematic variables. Let us remind that fundamental variables include: market capitalisation (responsible for the size of the firm), market-to-book value (helps to estimate, whether the stock is priced according to its book value), and turnover of shares (aimed to reflect the liquidity of the company). The hypothetical signs of the relationships between the jumps size (dependent variable) and these variables are negative for all of the above variables. Analysts’ forecasts disagreement regarding the following EPS should have a positive coefficient, and both crisis variables are expected to be related to the dependent variable positively. 
The panel modification of OLS was used to estimate the relationships between all these variables and the dependent variable JUMP. We are estimating the model by using fixed or time-independent effects for each stock, which makes sense in the contest of the heterogeneity, correlated with the independent variable (sizes of jumps for particular companies). Let us remind that logarithms of the quantitative fundamental values are used in estimation, and such variables as turnover, market-to-book value and market capitalization are lagged by 1 period. This is done because expectations about the earnings announcement are likely to be based on the past information, and during the year of announcement, information for the current year is generally unavailable. 
In the Table 3 below the key estimations of the regression, discussed above are presented:

Table 4
	Variable
	Coefficient
	t-Statistic

	C
	0.002168
	2.022944

	CRISIS
	0.000543
	5.307839

	DOTCOM
	0.000136
	1.329624

	SDF
	0.000698
	1.18026

	LNTRNV(-1)
	0.0001
	1.400272

	LNMTB(-1)
	0.00015
	2.155784

	LNMV(-1)
	-0.00031
	-4.4118

	RP(-1)
	-0.02005
	-2.94344

	
	
	


The results are as follows: market value of the company is negatively correlated with the size of the jump, which is perfectly in line with our expectations. Market-to-book value, surprisingly, is related to the jump size positively. This may be partly caused by negative book values of equities for some companies, which were obtained from the DataStream and left for the completeness of estimation results. However there might be other unobserved reasons for this unexpected result. Shares turnover is related positively; but the relationship between the shares turnover and the jump size is only significant at 84% confidence level, that does not allows us to make any valid conclusions about its coefficient. The degree of analytics’ forecasts disagreement is found to be insignificant at any reasonable confidence level, therefore it is dropped from the further analyses. The risk premium, lagged by one year is positive and significant, as was hypothesized. However it correlates with crises and dotcom variables, and since these variables are more exogenous, the variable of lagger risk premium will be also dropped from the following analyses.
Once certain variables were dropped, the model is again estimated with panel OLS with fixed effects. Statistics for the significant values have changed slightly. 
Table 5
	Variable
	Coefficient
	t-Statistic

	C
	0.002517
	2.40129

	CRISIS
	0.000395
	4.518415

	DOTCOM
	0.000249
	2.638999

	LNTRNV(-1)
	3.22E-05
	0.480347

	LNMTB(-1)
	0.000131
	1.887913

	LNMV(-1)
	-0.00029
	-4.18964



The above results are final and will be interpreted fully. Let us start with systematic variables first. The global financial crisis years, on average, increase the size of jump by 0.000395, which is in line with our expectations that higher volatility of returns in general, implies higher jumps of stock prices on EADs. Second, the dotcom crisis, on average, increases the size of jumps by 0,000249, which contributes to the hypothesis about volatility above. Then, the increase of the market value of the company, on average, decreases the size of jump by 0.00029%. This result fits into findings of Zhou and Zhu (2010) and supports the idea that bigger companies’ news cause less reaction of investors, than smaller firms, often referred as “growth” ones. 
The coefficient of turnover is insignificant, while we expect it to be significantly negative. This discrepancy could be due to not quite realistic aggregation of values of the turnover onto years. It could be the case that only a few weeks before each announcement are determining the expected liquidity of stock by investors, meaning that in this case, the aggregation onto year will not bring the significant result. One more problematic coefficient, contradicting its expected sign is that of market-to-book value. However it only is valid at 10% significance level, its p-value is small enough (0.059%) to believe that something went wrong on our analyses. May be this deviation from the expected result (as well as the one for turnover) is caused by the amplitude of the different companies in the sample. First, as described above, there are companies representing all industries, and some industries like health and financials bring the bias. Second, all the stocks are included in the S&P500 composite index, meaning that they are all quite large and some relationships are not apparent as they could be, if the sample was more diverse in terms of the scale of the companies.
As implied by the F-statistics of 4.798, the null hypothesis of the pooled regression (that is, simultaneously zero effects of all individual firms) versus alternative hypothesis of regression with fixed effects, is rejected at any reasonable significance level, so we conclude that the fixed effect OLS model is truly better than the pooled OLS model, and the estimation of model is conducted correctly, while not all variables were treated properly and/or some of the above mentioned bias are present. 






5. Conclusions
This work was motivated by the comparative lack of information about the factors, determining the size of the jump of stocks’ prices on the quarterly earnings announcement dates, whilst this information may be valuable to estimate the earnings surprises and improve market efficiency  There were two main stages in the present study: the evaluation of yearly average jumps’ sizes of the hundred U.S. firms, and the determination of factors, both systematic and specific, that are assumed to explain these jumps’ sizes. First stage results are consistent with the previous research and theoretical hypothesis. The results of the second stage of estimation are twofold: while there is significant consistency with theoretical and empirical evidence for the part of the variables, there are discrepancies with the existing background for the other part of the variables.  In our sample there is the significant evidence of positive jumps on the earnings announcement dates. The size of these jumps is found to be smaller for firms with higher market capitalization, as was shown before by several authors. Global financial crisis of 2008 and 2009, as well as earlier dotcom crisis of 2000 and 2001 explain the relatively higher volatility and therefore, in average, greater jumps during these periods. The unexpected results are the positive correlation between the size of jumps and market-to-book values, and insignificant coefficient of shares turnover. The suspected possible reason for the latter deviation from the previous research is misspecification of the period, for which the turnover is significant. The current study could be improved by the more sensitive set up for the effect of turnover, that is, turnover should be measured only for a short period before an EAD, rather than taking an aggregated value for the whole year.
On a greater scale, the study can be improved by including the age of the firm, as was proposed by Dubinsky and Johannes (2006). This model would require the estimation of OLS with random effects, in contrast to the model with fixed effects, applied for the purposes of the current study.
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8. Appendix
Appendix A
Sample of the firms, with indication of industry, full name and ticker.
[image: ]
Appendix B
DPS for the period 2002-2012
	Industry
	CD
	CS
	NRG
	FI
	HE

	Av. DPS
	0.475136
	0.891286
	0.800399
	0.949216
	0.620599

	Industry
	IND
	IT
	MA
	TC
	UT

	Av. DPS
	1.012889
	0.201438
	0.6712
	1.021212
	1.470488



Appendix C

[bookmark: _GoBack]Jumps values are available on Your request, since they take the enormous amount of space.
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image5.emf
Industry Name Ticker Industry Name Ticker

Consumer Discretionary Abercrombie & Fitch Company AANF Industrials Avery Dennison Corp AVY

Bed Bath & Beyond BBBY Norfolk Southern Corp. NSC

Best Buy Co. Inc. BBY Northrop Grumman Corp. NOC

Ford Motor F PACCAR Inc. PCAR

Home Depot HD Pitney-Bowes PBI

Kohl's Corp. KSS Raytheon Co. RTN

Mattel Inc. MAT Southwest Airlines LUV

Nordstrom JWN Textron Inc. TXT

Omnicom Group OMC Union Pacific UNP

Penney (J.C.) JCP Grainger (W.W.) Inc. GWW

Sherwin-Williams SHW Information Technology Altera Corp ALTR

Starbucks Corp. SBUX Adobe Systems Inc ADBE

Consumer Staples Altria Group Inc MO Apple Inc. AAPL

CVS Caremark Corp. CVS Broadcom Corporation BRCM

Hormel Foods Corp. HRL Citrix Systems CTXS

Kimberly-Clark KMB EMC Corp. EMC

Kroger Co. KR Hewlett-Packard HPQ

Office Depot ODT Intel Corp. INTC

PepsiCo Inc. PEP International Bus. Machines IBM

Procter & Gamble PG Intuit Inc. INTU

Sysco Corp. SYY KLA-Tencor Corp. KLAC

Tyson Foods TSN Maxim Integrated MXIM

The Hershey Company HSY Micron Technology MU

Energy Anadarko Petroleum Corp APC SanDisk Corporation SNDK

Apache Corporation APA Teradyne Inc. TER

Baker Hughes Inc BHI Total System Services TSS

Chevron Corp. CVX Verisign Inc. VRSN

Exxon Mobil Corp. XOM Xerox Corp. XRX

Halliburton Co. HAL Yahoo Inc. YHOO

Marathon Oil Corp. MRO Materials Alcoa Inc AA

Schlumberger Ltd. SLB Allegheny Technologies Inc ATI

Williams Cos. WMB Ball Corp BLL

Financials JPMorgan Chase & Co. JPM Bemis Company BMS

KeyCorp KEY Dow Chemical DOW

Marsh & McLennan MMC Eastman Chemical EMN

Northern Trust Corp. NTRS Freeport-McMoran Cp & Gld FCX

State Street Corp. STT Owens-Illinois Inc OI

Wells Fargo WFC Praxair Inc. PX

Weyerhaeuser Corp. WY Telecommunications Services CenturyLink Inc CTL

Health Care Abbott Laboratories ABT Crown Castle International Corp. CCI

Aetna Inc AET Verizon Communications VZ

Amgen Inc AMGN Utilities CenterPoint Energy CNP

Baxter International Inc. BAX Duke Energy DUK

Bard (C.R.) Inc. BCR Entergy Corp. ETR

CIGNA Corp. CI ONEOK OKE

Lilly (Eli) & Co. LLY PPL Corp. PPL

Humana Inc. HUM PG&E Corp. PCG

Johnson & Johnson JNJ Sempra Energy SRE

St Jude Medical STJ Southern Co. SO

Waters Corporation WAT Xcel Energy Inc XEL
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