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A note about data usage

Kellogg licenses data for educational and academic purposes only. No access may be granted to people outside the community of current students, faculty and staff. The data may no be used in any for-profit or commercial activity, including consulting or use within an institution/company other than Kellogg. In other words, once you graduate, you should delete the sample data files. Graduates of Kellogg are not part of the current body of students, staff and faculty.
Continuing where we left

This tutorial continues the first part, and we’ll use several variables we’ve previously generated. Let us start with the file piotr_all.dta that was created by the program piotr.do in the previous tutorial.

Since there will be a few repeated operations in this tutorial, you might find it most convenient to do most of the analysis using scripts. Just create a new file, call it, for example, tutorial3.do, and keep adding new commands at the end. You can run this do-file by typing do tutorial3 then.

. /* Preparing the workspace and loading the data */

. 

. clear all

. set mem 200m

. use piotr_all

This time, we’ll restrict our attention to the companies with December fiscal year end, and years between 1976 and 1988.

. /* Limiting the sample */

. keep if fyr==12

(77540 observations deleted)

. keep if yeara>=1976 & yeara<1988

(86654 observations deleted)
We also need to generate the book/market categorical variables like we did last time:

. /* Creating an indicator variable for high B/M companies */

. egen bm_p75=pctile(BM), p(75) by(yeara)

. gen bm4=4 if BM>bm_p75 & BM~=.

(21555 missing values generated)

. tab bm4, missing

        bm4 |      Freq.     Percent        Cum.

------------+-----------------------------------

          4 |      7,114       24.81       24.81

          . |     21,555       75.19      100.00

------------+-----------------------------------

      Total |     28,669      100.00

Most of our analysis, like that of the original Piotroski paper, is going to focus on the high B/M companies, for whom we have 7,114 observations total. The distribution of the mean annual return for different values of F-SCORE is as follows
. /* Computing overall return for high B/M companies: */

. tabstat ret12 if bm4==4, s(mean sd n) by(F_SCORE) missing

Summary for variables: ret12

     by categories of: F_SCORE 

 F_SCORE |      mean        sd         N

---------+------------------------------

       0 |  .1086126  .7073619         7

       1 |  .0195131  .7591555       111

       2 |  .1245382  .6510274       274

       3 |  .1455797  .5684587       499

       4 |  .2293687  .7109502       985

       5 |  .2645266  .5182313      1134

       6 |  .2784148  .5315566      1033

       7 |  .3132418  .5897807       953

       8 |  .3645617   .586342       296

       . |  .2409876  .6227803      1822

---------+------------------------------

   Total |  .2486234  .6046163      7114

----------------------------------------

Any possible improvements?

First of all, we are definitely interested in what components of the F_SCORE have the largest effect on the future returns. An easy way to do a quick analysis here would be a linear regression:

/* Linear regression: all companies */
. regress ret12 F_ROA F_dROA F_CFO F_ACCRUAL F_dMARGIN F_dTURN F_dLEVER F_dLIQUID

      Source |       SS       df       MS              Number of obs =   20099

-------------+------------------------------           F(  8, 20090) =   35.48

       Model |  110.764687     8  13.8455858           Prob > F      =  0.0000

    Residual |  7840.89727 20090  .390288565           R-squared     =  0.0139

-------------+------------------------------           Adj R-squared =  0.0135

       Total |  7951.66195 20098   .39564444           Root MSE      =  .62473

------------------------------------------------------------------------------

       ret12 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       F_ROA |   .1401807   .0165209     8.49   0.000     .1077983    .1725631

      F_dROA |   .0272782   .0110572     2.47   0.014     .0056052    .0489513

       F_CFO |   .0282077   .0214503     1.32   0.189    -.0138366     .070252

   F_ACCRUAL |   .0008331   .0243578     0.03   0.973    -.0469102    .0485763

   F_dMARGIN |   .0149778   .0099778     1.50   0.133    -.0045796    .0345352

     F_dTURN |   .0368913   .0099606     3.70   0.000     .0173678    .0564149

    F_dLEVER |   .0438076   .0090307     4.85   0.000     .0261067    .0615085

   F_dLIQUID |    -.00332   .0090049    -0.37   0.712    -.0209703    .0143303

       _cons |  -.0023329   .0257636    -0.09   0.928    -.0528317    .0481659

------------------------------------------------------------------------------

The Piotroski strategy is originally designed to work on high B/M companies, and all results of the paper are specific to that group of companies. Let us see what the results are like there:

. /* High B/M companies: F-SCORE components and different return measures */
.   

. regress ret12 F_ROA F_dROA F_CFO F_ACCRUAL F_dMARGIN F_dTURN F_dLEVER F_dLIQUID if bm4==4

      Source |       SS       df       MS              Number of obs =    5292

-------------+------------------------------           F(  8,  5283) =   11.04

       Model |  31.1400167     8  3.89250208           Prob > F      =  0.0000

    Residual |  1862.66678  5283  .352577472           R-squared     =  0.0164

-------------+------------------------------           Adj R-squared =  0.0150

       Total |   1893.8068  5291  .357929843           Root MSE      =  .59378

------------------------------------------------------------------------------

       ret12 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       F_ROA |   .1110203   .0244697     4.54   0.000     .0630495     .158991

      F_dROA |    .013863   .0206396     0.67   0.502    -.0265991    .0543252

       F_CFO |   .0163236   .0345544     0.47   0.637    -.0514173    .0840645

   F_ACCRUAL |  -.0167873   .0433244    -0.39   0.698    -.1017209    .0681463

   F_dMARGIN |   .0110701   .0191029     0.58   0.562    -.0263795    .0485198

     F_dTURN |   .0530217    .018004     2.94   0.003     .0177264     .088317

    F_dLEVER |   .0756655   .0169236     4.47   0.000     .0424883    .1088428

   F_dLIQUID |   .0231956   .0168213     1.38   0.168    -.0097811    .0561722

       _cons |    .073126   .0456631     1.60   0.109    -.0163925    .1626446

------------------------------------------------------------------------------

. regress adj_ret12 F_ROA F_dROA F_CFO F_ACCRUAL F_dMARGIN F_dTURN F_dLEVER F_dLIQUID if bm4==4

      Source |       SS       df       MS              Number of obs =    5292

-------------+------------------------------           F(  8,  5283) =    8.22

       Model |  21.0937263     8  2.63671579           Prob > F      =  0.0000

    Residual |  1694.52136  5283  .320749831           R-squared     =  0.0123

-------------+------------------------------           Adj R-squared =  0.0108

       Total |  1715.61508  5291  .324251575           Root MSE      =  .56635

------------------------------------------------------------------------------

   adj_ret12 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       F_ROA |   .1009617   .0233391     4.33   0.000     .0552073     .146716

      F_dROA |  -.0030639    .019686    -0.16   0.876    -.0416565    .0355288

       F_CFO |   .0173609   .0329579     0.53   0.598    -.0472502     .081972

   F_ACCRUAL |  -.0212163   .0413226    -0.51   0.608    -.1022258    .0597931

   F_dMARGIN |   .0029986   .0182203     0.16   0.869    -.0327207     .038718

     F_dTURN |   .0294721   .0171722     1.72   0.086    -.0041925    .0631367

    F_dLEVER |   .0654782   .0161417     4.06   0.000     .0338338    .0971226

   F_dLIQUID |   .0373676   .0160441     2.33   0.020     .0059145    .0688206

       _cons |  -.0675519   .0435533    -1.55   0.121    -.1529344    .0178306

------------------------------------------------------------------------------

. regress adj_ret24  F_ROA F_dROA F_CFO F_ACCRUAL F_dMARGIN F_dTURN F_dLEVER F_dLIQUID if bm4==4

      Source |       SS       df       MS              Number of obs =    5292

-------------+------------------------------           F(  8,  5283) =    6.72

       Model |  51.1360535     8  6.39200669           Prob > F      =  0.0000

    Residual |  5023.71895  5283  .950921627           R-squared     =  0.0101

-------------+------------------------------           Adj R-squared =  0.0086

       Total |  5074.85501  5291  .959148556           Root MSE      =  .97515

------------------------------------------------------------------------------

   adj_ret24 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       F_ROA |   .1931675   .0401859     4.81   0.000     .1143865    .2719485

      F_dROA |   .0212326   .0338958     0.63   0.531    -.0452173    .0876825

       F_CFO |  -.0324564   .0567477    -0.57   0.567    -.1437054    .0787926

   F_ACCRUAL |   .0498953   .0711504     0.70   0.483    -.0895889    .1893794

   F_dMARGIN |   .0051738   .0313722     0.16   0.869    -.0563287    .0666763

     F_dTURN |   .0731465   .0295675     2.47   0.013      .015182     .131111

    F_dLEVER |   .0324652   .0277932     1.17   0.243    -.0220208    .0869513

   F_dLIQUID |   .0241924   .0276251     0.88   0.381    -.0299643    .0783491

       _cons |  -.1290927   .0749912    -1.72   0.085    -.2761065    .0179211

------------------------------------------------------------------------------

We immediately notice a few interesting things. First of all, the most significant predictors (judging by their t-stats) are, for one-year returns, ROA, CFO and dTURN: that is, return on assets, cash flow from operations, and turnover. For the two-year returns dCFO (that is, the direction of the change in CFO) also becames significant. Leverage is also highly significant.

Major components of F-SCORE and their effect

We can also look at the major components of the Piotroski score. The factors can be separated into three categories: profitability, capital structure and operating efficiency (see ch.2.3.1-2.3.3 in Piotroski).

We can construct three component scores using this classification:

. /* Defining the 3 major component scores */

.   

. gen f_profit=F_ROA+F_dROA+F_CFO+F_ACCRUAL

(7158 missing values generated)

. gen f_fin=F_dLEVER+F_dLIQUID

(4997 missing values generated)

. gen f_eff=F_dMARGIN+F_dTURN

(5071 missing values generated)

and analyze their relative effect on absolute returns:

. regress ret12 f_profit f_fin f_eff if bm4==4

      Source |       SS       df       MS              Number of obs =    5292

-------------+------------------------------           F(  3,  5288) =   22.60

       Model |  23.9709484     3  7.99031615           Prob > F      =  0.0000

    Residual |  1869.83585  5288  .353599821           R-squared     =  0.0127

-------------+------------------------------           Adj R-squared =  0.0121

       Total |   1893.8068  5291  .357929843           Root MSE      =  .59464

------------------------------------------------------------------------------

       ret12 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

    f_profit |   .0483854   .0101769     4.75   0.000     .0284344    .0683364

       f_fin |   .0476314   .0127583     3.73   0.000     .0226198     .072643

       f_eff |   .0225467   .0124537     1.81   0.070    -.0018677     .046961

       _cons |   .0297942   .0299743     0.99   0.320    -.0289677    .0885562

------------------------------------------------------------------------------

And also on adjusted returns:

. regress adj_ret12 f_profit f_fin f_eff if bm4==4

      Source |       SS       df       MS              Number of obs =    5292

-------------+------------------------------           F(  3,  5288) =   16.43

       Model |  15.8451131     3  5.28170435           Prob > F      =  0.0000

    Residual |  1699.76997  5288  .321439102           R-squared     =  0.0092

-------------+------------------------------           Adj R-squared =  0.0087

       Total |  1715.61508  5291  .324251575           Root MSE      =  .56696

------------------------------------------------------------------------------

   adj_ret12 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

    f_profit |   .0401566   .0097031     4.14   0.000     .0211345    .0591787

       f_fin |   .0507515   .0121643     4.17   0.000     .0269044    .0745986

       f_eff |   .0042413   .0118738     0.36   0.721    -.0190363    .0275189

       _cons |  -.1051153   .0285787    -3.68   0.000    -.1611414   -.0490893

------------------------------------------------------------------------------

Portfolio construction

The analysis so far indicates that the variables we considered have predictive power as far as the returns are concerned. Let us see how we could create an actual strategy based on these results, and test its’ efficiency:

Plain long-short strategy

In this version, we simply construct two portfolios every June: one, a long portfolio, consists of all the stocks that had a value of F-SCORE equal to 8 last December, and another, a short portfolio, of all stocks with F-SCORE of either 0 or 1.
It is possible to do this particular section in a more straightforward way, but instead we’ll do detailed calculations that can be reused later.

First, we’ll create two indicator variables for the long and short portfolio: 

. gen fs_lo=F_SCORE<=1 & bm4==4

. gen fs_hi=F_SCORE==8 & bm4==4

Now we’ll add them up within each year (obtaining the number of stocks in the long and the short portfolio each year):

. egen fs_hi_sum=sum(fs_hi), by(yeara)

. egen fs_lo_sum=sum(fs_lo), by(yeara)

Now we can create the portfolio weights, that is, fractions of the total amount invested into each particular stock:

.  gen fs_hi_wgt=fs_hi/fs_hi_sum

.  gen fs_lo_wgt=fs_lo/fs_lo_sum

And the weights in the entire zero investment long/short portfolio are given by the difference between the weights on the long and on the short side:

.  gen fs_wgt=fs_hi_wgt-fs_lo_wgt

The contribution of each particular stock into the entire portfolio return is then given by the product of the portfolio weight and the return:

.  gen fs_contrib=fs_wgt*ret12

And the total return on the portfolio is the sum of individual contributions:

.  egen fs_ret=sum(fs_contrib), by(yeara)

Let’s now label the new variable and drop the temporary variables from the dataset so that they do not clutter the displays:

.  label var fs_ret "return: standard Piotroski"

.  drop fs_hi_sum fs_lo_sum fs_hi_wgt fs_lo_wgt fs_contrib

Adjustment for market value

There is a potential pitfall in using the plain long-short strategy: a lot of stocks in the constructed portfolios can easily turn out to be too small or illiquid. One way to take care of this could be to do an adjustment for the market value of the stocks. In this case it simply means using market-weighted long and short portfolios, instead of equal-weighted.

The calculations almost exactly repeat the previous section – except the weights are no longer equal across all companies within a year.

.   /* Strategy 2: Piotroski adjusted for the market value */

. 

. gen fs_hi_mve=MVE*fs_hi

. gen fs_lo_mve=MVE*fs_lo

. egen fs_hi_totmve=sum(fs_hi_mve), by(year)

. egen fs_lo_totmve=sum(fs_lo_mve), by(year)

. 

. gen fs_hi_adjwgt=fs_hi_mve/fs_hi_totmve

. gen fs_lo_adjwgt=fs_lo_mve/fs_lo_totmve

. gen fs_adjwgt=fs_hi_adjwgt-fs_lo_adjwgt

. gen fs_adj_contrib=fs_adjwgt*ret12

. egen fs_adj_ret=sum(fs_adj_contrib), by(yeara)

. label var fs_adj_ret "return: MVE adjusted Piotroski"

. 

.  drop fs_hi_mve fs_lo_mve fs_hi_totmve fs_lo_totmve fs_hi_adjwgt fs_lo_adjwgt fs_adj_contrib

A strategy based on the regression output

We’ve run some regressions before, and saw that some components have a higher influence than others. We can use that regression to try and construct an alternative strategy, one where 

.  regress adj_ret12 f_profit f_fin f_eff if bm4==4  

      Source |       SS       df       MS              Number of obs =    5292

-------------+------------------------------           F(  3,  5288) =   16.43

       Model |  15.8451131     3  5.28170435           Prob > F      =  0.0000

    Residual |  1699.76997  5288  .321439102           R-squared     =  0.0092

-------------+------------------------------           Adj R-squared =  0.0087

       Total |  1715.61508  5291  .324251575           Root MSE      =  .56696

------------------------------------------------------------------------------

   adj_ret12 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

    f_profit |   .0401566   .0097031     4.14   0.000     .0211345    .0591787

       f_fin |   .0507515   .0121643     4.17   0.000     .0269044    .0745986

       f_eff |   .0042413   .0118738     0.36   0.721    -.0190363    .0275189

       _cons |  -.1051153   .0285787    -3.68   0.000    -.1611414   -.0490893

------------------------------------------------------------------------------

Now we can use predict command to create variable that contains predicted values from this regression 
.  predict ret12h

(option xb assumed; fitted values)

(8570 missing values generated)
(another way to generate this variable would have been typing

.  gen ret12h=.0401566*f_profit+.0507515*f_fin+.0042413*f_eff--.1051153
but the way we did it is better).

Now we can create the long and the short portfolios as, for example, the high and low quartiles of the fitted output:
.  egen ret12h_80=pctile(ret12h),p(75) by(yeara)

.  egen ret12h_20=pctile(ret12h),p(25) by(yeara)

Note that this strategy, unlike the one based off F_SCORE, guarantees an equal number of stocks in the high and low portfolios every year. It is also based on relative ranking, i.e. in a year where most companies have particularly bad financials, it still prescribes us to take a long position in 25% of the high B/M stocks. This may be good from the trading and diversification perspectives, but it may also negatively affect the returns, as the results based on RANK_SCORE in the Piotroski paper suggest.
Once we have found the companies we would like to invest in, we can compute the portfolio weights and returns as before:
.  gen fr_lo=ret12h<=ret12h_20 & ret12h_20~=.

.  gen fr_hi=ret12h>=ret12h_80 & ret12h~=.

.  egen fr_hi_sum=sum(fr_hi), by(yeara)

.  egen fr_lo_sum=sum(fr_lo), by(yeara)

.  gen fr_hi_wgt=fr_hi/fr_hi_sum

.  gen fr_lo_wgt=fr_lo/fr_lo_sum

.  gen fr_wgt=fr_hi_wgt-fr_lo_wgt

.  gen fr_contrib=fr_wgt*ret12

.  egen fr_ret=sum(fr_contrib), by(yeara)

.  label var fr_ret "return: regression-based"

.  drop fr_hi_sum fr_lo_sum fr_hi_wgt fr_lo_wgt fr_contrib 

A value-weighted regression-based strategy

And, as before, we can make a market capitalization adjustment to this strategy too:

. gen fr_hi_mve=MVE*fr_hi

. gen fr_lo_mve=MVE*fr_lo

. egen fr_hi_totmve=sum(fr_hi_mve), by(year)

. egen fr_lo_totmve=sum(fr_lo_mve), by(year)

. gen fr_hi_adjwgt=fr_hi_mve/fr_hi_totmve

. gen fr_lo_adjwgt=fr_lo_mve/fr_lo_totmve

. gen fr_adjwgt=fr_hi_adjwgt-fr_lo_adjwgt

. gen fr_adj_contrib=fr_adjwgt*ret12

. egen fr_adj_ret=sum(fr_adj_contrib), by(yeara)

.  label var fr_adj_ret "return: MVE adjusted full reg."

.  drop fr_hi_mve fr_lo_mve fr_hi_totmve fr_lo_totmve fr_hi_adjwgt fr_lo_adjwgt fr_adj_contrib

A pure long strategy

Suppose we can not short sell. Let us see what the returns are going to be like on just the long side of the Piotroski portfolio (i.e. on the stocks with F-SCORE=8):

  /* Long side only */

 gen fs_hi_contrib=fs_hi_wgt*ret12

 egen fs_hi_ret=sum(fs_contrib), by(yeara)

 label var fs_hi_ret "return: standard Piotroski, long only"

A pure long strategy with a limit on holdings:

Suppose you are a mutual fund manager who is managing $100 million. You are limited to holding long positions, and would like to avoid holding more than 4% of the total market value of any single stock. What would your returns look like in this case?\

. global maxh=.04

. global amt=100

First, find the % of the market value that we are going to hold for any given company:
. gen fs_hi_hold=$amt*abs(fs_hi_wgt)/MVE

Now, create an indicator variable selecting the companies for which the amount we should hold is too large: 

. gen fs_hi_large=fs_hi_hold>$maxh if fs_hi_wgt~=. & fs_hi_wgt~=0

(28373 missing values generated)

. /* Let us see how often this situation happens: */

. 

. su fs_hi_large

    Variable |       Obs        Mean    Std. Dev.       Min        Max

-------------+--------------------------------------------------------

 fs_hi_large |       296    .6283784    .4840564          0          1

We have to do an adjustment quite often, in 62% of the transactions. Now, let's do an adjustment for the FSCORE-based strategy:
.   /* Max. allowable weight for each security: */

.   

. gen fs_wgtmax=$maxh*MVE/$amt

. 

. /* In this stocks, the weight has to be reduced */

. gen fs_hi_wgtdrop=(fs_hi_wgt-fs_wgtmax)*(fs_hi_large==1)

. 

. /* Find how much money we need to allocate to larget market cap stocks now */

. egen fs_hi_wgtdropsum=sum(fs_hi_wgtdrop), by(year)

. 

. /* Find how much we can actually allocate into each larger cap stock */

. gen fs_hi_wgtmaxinc=(fs_wgtmax-fs_hi_wgt) if fs_hi_large==0

(28559 missing values generated)

. egen fs_hi_maxallowed=sum(fs_hi_wgtmaxinc), by(year)

 Finally, generating the weights and returns 

. gen fs_hi_lim_wgt=fs_wgtmax if fs_hi_large==1

(28483 missing values generated)

. replace fs_hi_lim_wgt=fs_wgt+fs_hi_wgtmaxinc/fs_hi_maxallowed*fs_hi_wgtdropsum if fs_hi_large==0

(110 real changes made)

. 

. gen fs_hi_lim_contrib=fs_hi_lim_wgt*ret12

(28373 missing values generated)

. egen fs_hi_lim_ret=sum(fs_hi_lim_contrib), by(yeara)

. label var fs_hi_lim_ret "return: long side with a limit on holdings"

Bid/ask spreads and other trading costs
Suppose we incur a roundtrip loss of 12.5 cents per share on all positions. Let us see how it is going to affect our returns:
returns on the stocks in our portfolio are smaller by .125/share price/2 in the first and last year we are holding the stock in the portfolio: 
. gen ret12a=ret12-sign(fs_wgt)*.125/fyend_prc/2

Note that for the stocks in the long position, the effective return must be smaller, and for those in the short position it must be larger – hence sign() function. Now, let’s find companies that are either going in or going out of the portfolio, and impose the cost:
. sort my_npermno yeara

. gen newstock=0

. by my_npermno: replace newstock=1 if fs_wgt~=0 & fs_wgt~=. & (fs_wgt[_n-1]==0 | fs_wgt[_n+1]==0 | fs_wgt[_n-1]==.)

(405 real changes made)

. gen ret12_tc=ret12

For the selected companies, the return will be smaller:
. replace ret12_tc=ret12a if newstock==1

(405 real changes made)

.  gen fs_tc_contrib=fs_wgt*ret12_tc

.  egen fs_tc_ret=sum(fs_tc_contrib), by(yeara)

.  label var fs_tc_ret "return: Piotroski with trading costs"

.  drop fs_hi_sum fs_lo_sum fs_hi_wgt fs_lo_wgt fs_contrib

Comparing the strategies

.  su fs_ret fs_adj_ret fs_tc_ret fr_ret fr_adj_ret

    Variable |       Obs        Mean    Std. Dev.       Min        Max

-------------+--------------------------------------------------------

      fs_ret |     28669     .376433    .3325153  -.3967026   .9529892

  fs_adj_ret |     28669    .3744255    .4907614  -.7765343   1.038708

   fs_tc_ret |     28669    .3143022     .349063  -.4439054   .9299984

      fr_ret |     28669    .0955641    .0834247  -.0135959   .2684783

  fr_adj_ret |     28669    .0418829    .0711535  -.0686778   .1745912

Using CAPM to test for alpha

Now, we can see that these strategies offer substantial returns. However, these returns can represent simply a compensation for a high risk. In addition, they might also be highly correlated with other well-known strategies, such as book-to-market ratio or market capitalization based portfolios. To verify the value of these strategies, we will use CAPM and the Fama-French 3-factor model to compute the alphas and test for their significance.
First, we retain the variables we need:
. keep yeara fs_ret fs_adj_ret fr_ret fr_adj_ret fs_tc_ret

and convert the dataset into a time series format with one observation per year:
. collapse (mean) fs_ret fs_adj_ret fs_tc_ret fr_ret fr_adj_ret, by(yeara)
. l yeara f*

     +-------------------------------------------------------------------+

     | yeara      fs_ret   fs_adj_~t   fs_tc_ret      fr_ret   fr_adj_~t |

     |-------------------------------------------------------------------|

  1. |  1976     .527168     .064381    .4823672    .0060937    .0821621 |

  2. |  1977    .1234272     .295203    .0685622    .0189436    .0350258 |

  3. |  1978     .569103     .982618    .5321785    .0712803     .033921 |

  4. |  1979    .5136828    .6364071    .4789743    .0910797   -.0686778 |

  5. |  1980    .6072818    .8480099    .5877853    .0945153   -.0141707 |

     |-------------------------------------------------------------------|

  6. |  1981   -.3967026   -.7765343   -.4439054    .0239919   -.0362651 |

  7. |  1982    .2448163    .1800477    .2209955    .1137826    .0486827 |

  8. |  1983    .9529892    1.038708    .9299984    .2684783    .1416441 |

  9. |  1984    .1611849    .8079138    .0100273    .2203244    .1745912 |

 10. |  1985    .7076173    .2752485    .6237022    .0847396   -.0359811 |

     |-------------------------------------------------------------------|

 11. |  1986    .1963404    .2571829    .0441673    .1458376    .0943882 |

 12. |  1987    .3137189   -.0347623     .268247   -.0135959    .0199737 |

Now we’ll add the data on Fama-French factors to our data set:
. sort yeara

. merge yeara using ffactors

yeara was int now float

. keep if _merge==3

(19 observations deleted)
Generating excess returns:

. foreach x of varlist f* {

  2.   gen e`x'=`x'-rf

  3. }

And now we can run the 3-factor model regressions:

Standard Piotroski strategy:
. regress efs_ret mktrf smb hml

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  3,     8) =    1.18

       Model |  .400429056     3  .133476352           Prob > F      =  0.3772

    Residual |  .906644663     8  .113330583           R-squared     =  0.3064

-------------+------------------------------           Adj R-squared =  0.0462

       Total |  1.30707372    11  .118824884           Root MSE      =  .33665

------------------------------------------------------------------------------

     efs_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |  -1.152986   .8061137    -1.43   0.191    -3.011887    .7059158

         smb |  -1.230917   .9259752    -1.33   0.220    -3.366219    .9043861

         hml |  -1.877078   1.366469    -1.37   0.207    -5.028161    1.274005

       _cons |   .5467829   .1785398     3.06   0.016     .1350693    .9584965

------------------------------------------------------------------------------

Alpha’s t-statistic is 3.49 here, which is highly significant.
Standard Piotroski strategy with trading costs:
. regress efs_tc_ret mktrf smb hml

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  3,     8) =    0.86

       Model |  .345624121     3   .11520804           Prob > F      =  0.5003

    Residual |  1.07254144     8   .13406768           R-squared     =  0.2437

-------------+------------------------------           Adj R-squared = -0.0399

       Total |  1.41816556    11  .128924142           Root MSE      =  .36615

------------------------------------------------------------------------------

  efs_tc_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |  -1.107945   .8767682    -1.26   0.242    -3.129776    .9138864

         smb |  -1.073023   1.007135    -1.07   0.318    -3.395481    1.249436

         hml |  -1.660033   1.486237    -1.12   0.296    -5.087303    1.767237

       _cons |    .463484   .1941885     2.39   0.044     .0156845    .9112836

------------------------------------------------------------------------------

Alpha’s t-statistic is 2.77, naturally not quite as high as without trading costs, but still significant at a 2.4% level.
Piotroski strategy with market-weighed adjustment:
. regress efs_adj_ret mktrf smb hml

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  3,     8) =    2.31

       Model |  1.31052417     3   .43684139           Prob > F      =  0.1533

    Residual |   1.5150342     8  .189379275           R-squared     =  0.4638

-------------+------------------------------           Adj R-squared =  0.2627

       Total |  2.82555837    11  .256868943           Root MSE      =  .43518

------------------------------------------------------------------------------

 efs_adj_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |  -2.002924   1.042051    -1.92   0.091    -4.405898    .4000497

         smb |  -2.353565   1.196994    -1.97   0.085    -5.113838    .4067084

         hml |  -3.609509   1.766414    -2.04   0.075    -7.682866    .4638476

       _cons |   .7710695   .2307957     3.34   0.010     .2388536    1.303285

------------------------------------------------------------------------------

The t-statistic has actually improved here, which is a good sign.
Regression-based strategy:
. regress efr_ret mktrf smb hml

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  3,     8) =    0.99

       Model |  .023417999     3     .007806           Prob > F      =  0.4450

    Residual |  .063078088     8  .007884761           R-squared     =  0.2707

-------------+------------------------------           Adj R-squared = -0.0027

       Total |  .086496087    11  .007863281           Root MSE      =   .0888

------------------------------------------------------------------------------

     efr_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |   .0997961   .2126263     0.47   0.651     -.390521    .5901132

         smb |  -.3879305   .2442418    -1.59   0.151    -.9511532    .1752922

         hml |  -.0780724   .3604296    -0.22   0.834    -.9092246    .7530797

       _cons |   .0229342   .0470929     0.49   0.639    -.0856623    .1315307

------------------------------------------------------------------------------

This one not significant. 
Regression-based strategy with market-weighed adjustment:
. regress efr_adj_ret mktrf smb hml

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  3,     8) =    0.18

       Model |  .005343423     3  .001781141           Prob > F      =  0.9074

    Residual |  .079449267     8  .009931158           R-squared     =  0.0630

-------------+------------------------------           Adj R-squared = -0.2884

       Total |   .08479269    11  .007708426           Root MSE      =  .09966

------------------------------------------------------------------------------

 efr_adj_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |   .0433156   .2386287     0.18   0.860    -.5069631    .5935944

         smb |  -.1892125   .2741106    -0.69   0.510    -.8213125    .4428876

         hml |  -.0746837   .4045071    -0.18   0.858    -1.007479    .8581113

       _cons |  -.0374335    .052852    -0.71   0.499    -.1593104    .0844435

------------------------------------------------------------------------------

This one is no longer significant.

. regress efs_hi_ret mktrf smb hml

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  3,     8) =    4.63

       Model |   .40271405     3  .134238017           Prob > F      =  0.0370

    Residual |  .232170021     8  .029021253           R-squared     =  0.6343

-------------+------------------------------           Adj R-squared =  0.4972

       Total |   .63488407    11  .057716734           Root MSE      =  .17036

------------------------------------------------------------------------------

  efs_hi_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |    1.15456   .4079254     2.83   0.022      .213882    2.095238

         smb |    .515507   .4685801     1.10   0.303    -.5650407    1.596055

         hml |   .6872506   .6914874     0.99   0.349    -.9073221    2.281823

       _cons |   .0856765   .0903482     0.95   0.371    -.1226669    .2940198

------------------------------------------------------------------------------

. regress efs_hi_lim_ret mktrf smb hml

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  3,     8) =    5.05

       Model |  .225442472     3  .075147491           Prob > F      =  0.0298

    Residual |  .119053936     8  .014881742           R-squared     =  0.6544

-------------+------------------------------           Adj R-squared =  0.5248

       Total |  .344496408    11  .031317855           Root MSE      =  .12199

------------------------------------------------------------------------------

efs_hi_lim~t |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |   .4379795   .2921121     1.50   0.172    -.2356323    1.111591

         smb |  -.8360374   .3355465    -2.49   0.037    -1.609809   -.0622658

         hml |  -.7361145   .4951685    -1.49   0.175    -1.877975    .4057463

       _cons |    .264843   .0646976     4.09   0.003       .11565     .414036

------------------------------------------------------------------------------

CAPM alphas

We can also compute alphas using plain CAPM:
. regress efs_ret mktrf

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  1,    10) =    1.02

       Model |  .121051149     1  .121051149           Prob > F      =  0.3362

    Residual |  1.18602257    10  .118602257           R-squared     =  0.0926

-------------+------------------------------           Adj R-squared =  0.0019

       Total |  1.30707372    11  .118824884           Root MSE      =  .34439

------------------------------------------------------------------------------

     efs_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |  -.5528045   .5471843    -1.01   0.336    -1.772007     .666398

       _cons |   .3336878   .1087473     3.07   0.012     .0913837    .5759919

------------------------------------------------------------------------------

. regress efs_tc_ret mktrf

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  1,    10) =    1.01

       Model |  .130003497     1  .130003497           Prob > F      =  0.3388

    Residual |  1.28816207    10  .128816207           R-squared     =  0.0917

-------------+------------------------------           Adj R-squared =  0.0008

       Total |  1.41816556    11  .128924142           Root MSE      =  .35891

------------------------------------------------------------------------------

  efs_tc_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |  -.5728813   .5702593    -1.00   0.339    -1.843498    .6977356

       _cons |   .2755109   .1133332     2.43   0.035     .0229888    .5280331

------------------------------------------------------------------------------

. regress efs_adj_ret mktrf

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  1,    10) =    1.11

       Model |  .282920662     1  .282920662           Prob > F      =  0.3163

    Residual |  2.54263771    10  .254263771           R-squared     =  0.1001

-------------+------------------------------           Adj R-squared =  0.0101

       Total |  2.82555837    11  .256868943           Root MSE      =  .50425

------------------------------------------------------------------------------

 efs_adj_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |  -.8451221   .8011787    -1.05   0.316    -2.630259    .9400152

       _cons |   .3617157   .1592261     2.27   0.046     .0069378    .7164935

------------------------------------------------------------------------------

. regress efr_ret mktrf 

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  1,    10) =    0.05

       Model |  .000409408     1  .000409408           Prob > F      =  0.8318

    Residual |  .086086679    10  .008608668           R-squared     =  0.0047

-------------+------------------------------           Adj R-squared = -0.0948

       Total |  .086496087    11  .007863281           Root MSE      =  .09278

------------------------------------------------------------------------------

     efr_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |   .0321488   .1474196     0.22   0.832    -.2963224    .3606201

       _cons |   .0036427   .0292981     0.12   0.904    -.0616376     .068923

------------------------------------------------------------------------------

. regress efr_adj_ret mktrf

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  1,    10) =    0.04

       Model |  .000324604     1  .000324604           Prob > F      =  0.8485

    Residual |  .084468086    10  .008446809           R-squared     =  0.0038

-------------+------------------------------           Adj R-squared = -0.0958

       Total |   .08479269    11  .007708426           Root MSE      =  .09191

------------------------------------------------------------------------------

 efr_adj_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |   .0286262   .1460271     0.20   0.849    -.2967424    .3539949

       _cons |   -.050255   .0290214    -1.73   0.114    -.1149187    .0144087

------------------------------------------------------------------------------

. regress efs_hi_ret mktrf

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  1,    10) =   13.05

       Model |  .359492956     1  .359492956           Prob > F      =  0.0047

    Residual |  .275391114    10  .027539111           R-squared     =  0.5662

-------------+------------------------------           Adj R-squared =  0.5229

       Total |   .63488407    11  .057716734           Root MSE      =  .16595

------------------------------------------------------------------------------

  efs_hi_ret |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |   .9526477   .2636708     3.61   0.005     .3651525    1.540143

       _cons |   .1657044   .0524019     3.16   0.010     .0489457    .2824631

------------------------------------------------------------------------------

. regress efs_hi_lim_ret mktrf

      Source |       SS       df       MS              Number of obs =      12

-------------+------------------------------           F(  1,    10) =    6.17

       Model |  .131502192     1  .131502192           Prob > F      =  0.0323

    Residual |  .212994216    10  .021299422           R-squared     =  0.3817

-------------+------------------------------           Adj R-squared =  0.3199

       Total |  .344496408    11  .031317855           Root MSE      =  .14594

------------------------------------------------------------------------------

efs_hi_lim~t |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

       mktrf |    .576174   .2318841     2.48   0.032     .0595039    1.092844

       _cons |   .1703336   .0460846     3.70   0.004     .0676507    .2730165

------------------------------------------------------------------------------

The results are similar to those of the 3-factor model.
Some graphics

twoway line fs_ret yeara || line fs_adj_ret yeara || line fs_tc_ret yeara, xscale(axis(1) r(1976 1987)) xlabel(1976 (3) 1987) ytitle("return") legend(col(1))
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twoway line fr_ret yeara || line fr_adj_ret yeara, xscale(axis(1) r(1976 1987)) xlabel(1976 (3) 1987) ytitle("return") legend(col(1))
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rename fs_ret fPiotroski

rename fs_adj_ret fMktWeightedPiotroski

rename fr_ret fRegression

rename fr_adj_ret fMktWeightedRegression

rename fs_tc_ret fPiotroskiWithCosts

rename fs_hi_ret fPiotroskiLong

rename fs_hi_lim_ret fPiotroskiLongLimited

reshape long f, i(year) j(type) string

egen std=sd(f), by(type)

egen meanret=mean(f), by(type)

collapse (mean) std meanret, by(type)

scatter std meanret, mlabel(type)
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