
Appendix Three: R Code for Analyses

Least Squares Analysis

1 #OLS of Difference in Earnings
2 #Using OLS and Large−Sample Properties (Hayashi Chapter 2)
3

4

5 #Getting library for stargazer, to export results to LaTeX
6 library(stargazer)
7

8 #Import data
9 setwd("C:/Users/ret0269/Desktop/R Files")

10 data <− read.csv("RTW data analysis-ready.csv", header=TRUE, stringsAsFactors=FALSE)
11

12 ##Additional variables from visualization code and
13 summary(data)
14 sapply(data,class)
15

16 ben init.weekly <− data$ben init000s∗1000 / (30.5/7)
17 quad.ben rtw.weekly <− .0001∗(data$ben rtw.weekly)ˆ2
18 ben.sp500 <− (data$ben rtw.weekly / data$sp500.lag)
19 svc.proxy <− data$ben rtw.weekly ∗ 52.17 / (.0185 ∗ data$afc.weekly∗52.17)
20

21 #Putting into data frame
22 temp <− cbind(data, quad.ben rtw.weekly,ben.sp500, svc.proxy)
23 summary(temp)
24

25 data<− temp
26

27 ###################
28 #SET UP DESIGN MATRIX FOR CALCULATIONS USING STOCK FUNCTIONS ONLY
29 #After model selection, set up design matrix for manual calculations of specific stats
30

31 #Dummy variable organization
32 #Intercept term (base of all dummies) is:
33 #non−active, non−medicare or − soc security eligible at rtw begin
34 #begin before 09
35 #LGERS (because non−STRE or STRS), non−teacher, non−UNC, non−comcol
36 #(Important: The last three do not form a linear combination of LGERS #b/c some non−lgers also don’t fit into those categories)
37 #(Also: This specifically says not to include LGERS as a variable, #which would mean the intercept is perfectly correlated with the #combination of LGERS, TSERS and STRE)

1



2

38

39 #Collinearity issues
40 #Also be careful not to include age rtwbegin, age rtwend and rtwlen
41 #age rtwend is a linear cobination of the other two, because it = #age rtwbegin + rtwlen∗c
42 #c is just a multiplier to reflect the fact that rtwlen is in weeks
43

44 #Do not include ben.afc.ratio AND ben rtw.weekly AND afc.weekly. They #perfectly determine each other.
45 #Finally, do not include a control for AFC. Already controlled for in #the dependent variable.
46

47

48 #Creating data frame without intercept for stock functions
49

50 Y <− data$avgearn
51 ln.Y <− log(data$avgearn)
52

53

54 summary(Y)
55 summary(ln.Y)
56

57 X.auto <− data.frame(rtwlen = data$rtwlen, rtwlag=data$rtwlag, unc = data$unc,
58 school = data$school, comcol = data$comcol, active = data$active,
59 nrtw = data$nrtw, medicare = data$medicare, socsec any = data$socsec any,
60 quad.ben rtw.weekly = quad.ben rtw.weekly,
61 age rtwbegin = data$age rtwbegin, post09 rtwend = data$post09 rtwend,
62 tsers = data$tsers, stre = data$stre, sp500.lag1 = data$sp500.lag1,
63 priv gsp.B = data$priv gsp.B, gov gsp.B = data$gov gsp.B,
64 ben rtw.weekly = data$ben rtw.weekly,ln ben rtw.weekly=data$ln ben rtw.weekly,
65 quad.ben rtw.weekly = quad.ben rtw.weekly,
66 post09 rtwbegin = data$post09 rtwbegin, service = data$svc.proxy,
67 afc.weekly = data$afc.weekly)
68

69 summary(X.auto)
70 dim(X.auto)
71

72

73 #############################
74 #Quick look at correlation matrix, and covariance matrix
75

76 cor(X.auto)
77 cov(X.auto)
78

79

80

81

82

83 ###########################
84 #Regression Model Selection
85 #In order of importance, evaluating for:
86 #1. That linear functional form is not mispecified (RESET test)
87 #2. That errors terms are centered at zero (E(u)=0) (not a formal test #without instrumental variables)
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88 #3. That covariance of error terms with all x−variables is zero.
89 #4. R−squared measure of goodness of fit (adjusted R−squared for #non−nested models).
90

91 ####MODEL ONE
92

93 summary(ols.one <− lm(ln.Y ˜ ben rtw.weekly + ben rtw.weekly:school + ben rtw.weekly:school:stre +
94 school:stre + school + tsers + age rtwbegin + rtwlag
95 + sp500.lag1 + priv gsp.B + gov gsp.B
96 + unc + comcol + nrtw +
97 medicare + socsec any + post09 rtwbegin + active + afc.weekly, data=X.auto))
98

99 par(mfrow = c(2,2))
100 plot(ols.one, las = 1)
101

102 #Reset Test for Model Misspecification
103 #Wooldridge p 308 and p 153
104

105 y2 <− ols.one$fitted.valuesˆ2
106 y3 <− ols.one$fitted.valuesˆ3
107

108 summary(ols.reset <− update(ols.one,
109 formula = .˜. + y2 + y3))
110

111 SSRr <− sum(ols.one$residˆ2)
112 SSRur <− sum(ols.reset$residˆ2)
113 df <− ols.reset$df.residual
114 q <− 2
115

116 F.1 <− (SSRr−SSRur)/q/SSRur/df
117

118 #If you find good instrumental variables,
119 #a simple endogeneity test for afc and benefitc(”Hausman test”) is in Wooldridge p 532
120 #Also see Hayashi chapter 3. Hayashi is a cheaper and more informative #book
121 #But it requires matrix algebra, whereas the Wooldridge book doesn’t #necessarily
122

123 ####MODEL ONE WITH SVC PROXY
124 #Must remove benfit and afc because of collinearity
125

126 summary(ols.onesvc <− lm(ln.Y ˜ service + service:school + service:school:stre +
127 school:stre + school + tsers + age rtwbegin + rtwlag
128 + sp500.lag1 + priv gsp.B + gov gsp.B
129 + unc + comcol + nrtw +
130 medicare + socsec any + post09 rtwbegin + active, data=X.auto))
131

132

133

134 ####MODEL TWO
135

136 summary(ols.two <− lm(Y ˜
137 ben rtw.weekly +



4

138 ben rtw.weekly:school + ben rtw.weekly:school:stre +
139 school:stre + school + tsers + age rtwbegin + rtwlag
140 + sp500.lag1 + priv gsp.B + gov gsp.B
141 + unc + comcol + nrtw +
142 medicare + socsec any + post09 rtwbegin + active+ afc.weekly, data=X.auto))
143

144 par(mfrow = c(2,2))
145 plot(ols.two, las = 1)
146

147 #Reset Test for Model Misspecification
148 #Wooldridge p 308 and p 153
149

150 y2 <− ols.two$fitted.valuesˆ2
151 y3 <− ols.two$fitted.valuesˆ3
152

153 summary(ols.reset <− update(ols.two,
154 formula = .˜. + y2 + y3))
155

156 SSRr <− sum(ols.two$residˆ2)
157 SSRur <− sum(ols.reset$residˆ2)
158 df <− ols.reset$df.residual
159 q <− 2
160

161 F.2 <− (SSRr−SSRur)/q/SSRur/df
162

163

164

165 ####MODEL THREE
166

167 summary(ols.three <− lm(ln.Y ˜
168 ln ben rtw.weekly +
169 ln ben rtw.weekly:stre:school + ln ben rtw.weekly:school +
170 school + school:stre + tsers + age rtwbegin + rtwlag
171 + sp500.lag1 + priv gsp.B + gov gsp.B
172 + unc + comcol + nrtw +
173 medicare + socsec any + post09 rtwbegin + active+ afc.weekly, data=X.auto))
174

175 par(mfrow = c(2,2))
176 plot(ols.three, las = 1)
177

178 #Reset Test for Model Misspecification
179 #Wooldridge p 308 and p 153
180

181 y2 <− ols.three$fitted.valuesˆ2
182 y3 <− ols.three$fitted.valuesˆ3
183

184 summary(ols.reset <− update(ols.three,
185 formula = .˜. + y2 + y3))
186

187 SSRr <− sum(ols.three$residˆ2)
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188 SSRur <− sum(ols.reset$residˆ2)
189 df <− ols.reset$df.residual
190 q <− 2
191

192 F.3 <− (SSRr−SSRur)/q/SSRur/df
193

194

195

196

197 ####MODEL THREE WITH SVC PROXY
198 #Remember to remove afc and benefit
199

200

201 summary(ols.threesvc <− lm(ln.Y ˜
202 I(log(service)) +
203 I(log(service)):stre:school + I(log(service)):school +
204 school + school:stre + tsers + age rtwbegin + rtwlag
205 + sp500.lag1 + priv gsp.B + gov gsp.B
206 + unc + comcol + nrtw +
207 medicare + socsec any + post09 rtwbegin + active, data=X.auto))
208

209

210

211

212 ####MODEL FOUR
213

214 summary(ols.four <− lm(ln.Y ˜
215 ben rtw.weekly +
216 ben rtw.weekly:stre:school + ben rtw.weekly:school +
217 school + stre:school + tsers + age rtwbegin + I(age rtwbeginˆ2)+ rtwlag
218 + sp500.lag1 + priv gsp.B + gov gsp.B
219 + unc + comcol + nrtw +
220 medicare + socsec any + post09 rtwbegin + active+ afc.weekly, data=X.auto))
221

222 par(mfrow = c(2,2))
223 plot(ols.four, las = 1)
224

225 #Reset Test for Model Misspecification
226 #Wooldridge p 308 and p 153
227

228 y2 <− ols.four$fitted.valuesˆ2
229 y3 <− ols.four$fitted.valuesˆ3
230

231 summary(ols.reset <− update(ols.four,
232 formula = .˜. + y2 + y3))
233

234 SSRr <− sum(ols.four$residˆ2)
235 SSRur <− sum(ols.reset$residˆ2)
236 df <− ols.reset$df.residual
237 q <− 2
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238

239 F.4 <− (SSRr−SSRur)/q/SSRur/df
240

241

242

243

244 ###MODEL FOUR WITH SERVICE PROXY
245

246 summary(ols.foursvc <− lm(ln.Y ˜ service + service:school + service:school:stre +
247 school:stre + school + tsers + age rtwbegin + I(age rtwbeginˆ2) + rtwlag
248 + sp500.lag1 + priv gsp.B + gov gsp.B
249 + unc + comcol + nrtw +
250 medicare + socsec any + post09 rtwbegin + active, data=X.auto))
251

252

253 ####MODEL FIVE
254 summary(ols.five <− lm(ln.Y ˜
255 ben rtw.weekly + quad.ben rtw.weekly +
256 quad.ben rtw.weekly:stre:school + quad.ben rtw.weekly:school +
257 school + stre:school + tsers + age rtwbegin + I(age rtwbeginˆ2)+ rtwlag
258 + sp500.lag1 + priv gsp.B + gov gsp.B
259 + unc + comcol + nrtw +
260 medicare + socsec any + post09 rtwbegin + active+ afc.weekly, data=X.auto))
261

262 par(mfrow = c(2,2))
263 plot(ols.five, las = 1)
264

265 #Reset Test for Model Misspecification
266 #Wooldridge p 308 and p 153
267

268 y2 <− ols.five$fitted.valuesˆ2
269 y3 <− ols.five$fitted.valuesˆ3
270

271 summary(ols.reset <− update(ols.five,
272 formula = .˜. + y2 + y3))
273

274 SSRr <− sum(ols.five$residˆ2)
275 SSRur <− sum(ols.five$residˆ2)
276 df <− ols.five$df.residual
277 q <− 2
278

279 F.5 <− (SSRr−SSRur)/q/SSRur/df
280

281

282 ###MODEL FIVE WITH SERVICE PROXY
283

284 summary(ols.fivesvc <− lm(ln.Y ˜
285 service + I(serviceˆ2) +
286 I(serviceˆ2):stre:school + I(serviceˆ2):school +
287 school + stre:school + tsers + age rtwbegin + I(age rtwbeginˆ2)+ rtwlag



7

288 + sp500.lag1 + priv gsp.B + gov gsp.B
289 + unc + comcol + nrtw +
290 medicare + socsec any + post09 rtwbegin + active, data=X.auto))
291

292

293 ####MODEL SIX
294

295 summary(ols.six <− lm(Y ˜
296 ln ben rtw.weekly +
297 ln ben rtw.weekly:stre:school + ln ben rtw.weekly:school +
298 school + school:stre + tsers + age rtwbegin + rtwlag
299 + sp500.lag1 + priv gsp.B + gov gsp.B
300 + unc + comcol + nrtw +
301 medicare + socsec any + post09 rtwbegin + active+ afc.weekly, data=X.auto))
302

303 par(mfrow = c(2,2))
304 plot(ols.six, las = 1)
305

306 #Reset Test for Model Misspecification
307 #Wooldridge p 308 and p 153
308

309 y2 <− ols.six$fitted.valuesˆ2
310 y3 <− ols.six$fitted.valuesˆ3
311

312 summary(ols.reset <− update(ols.six,
313 formula = .˜. + y2 + y3))
314

315 SSRr <− sum(ols.six$residˆ2)
316 SSRur <− sum(ols.reset$residˆ2)
317 df <− ols.reset$df.residual
318 q <− 2
319

320 F.6 <− (SSRr−SSRur)/q/SSRur/df
321

322

323 endo.sixa <− lm(ln ben rtw.weekly ˜
324 ln ben rtw.weekly:stre:school + ln ben rtw.weekly:school +
325 school + school:stre + tsers + age rtwbegin + rtwlag
326 + sp500.lag1 + priv gsp.B + gov gsp.B
327 + unc + comcol + nrtw +
328 medicare + socsec any + post09 rtwbegin + active+ afc.weekly, data=X.auto)
329

330 resid <− endo.sixa$resid
331

332 endo.sixa <− update(endo.sixa, formula = .˜. + resid)
333

334

335 ##MODEL SIX WITH SERZVICE PROXY
336

337 summary(ols.sixsvc <− lm(Y ˜
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338 I(log(service)) +
339 I(log(service)):stre:school + I(log(service)):school +
340 school + school:stre + tsers + age rtwbegin + rtwlag
341 + sp500.lag1 + priv gsp.B + gov gsp.B
342 + unc + comcol + nrtw +
343 medicare + socsec any + post09 rtwbegin + active, data=X.auto))
344

345

346 endo.sixsvc <− lm(I(log(service)) ˜
347 I(log(service)):stre:school + I(log(service)):school +
348 school + school:stre + tsers + age rtwbegin + rtwlag
349 + sp500.lag1 + priv gsp.B + gov gsp.B
350 + unc + comcol + nrtw +
351 medicare + socsec any + post09 rtwbegin + active, data=X.auto)
352

353 resid <− endo.sixsvc$resid
354

355 endo.sixsvc <− update(endo.sixsvc, formula = .˜. + resid)
356

357

358 ###
359 ##TEST ONE
360 #Review of RESET tests
361

362 F <− c(F.1,F.2,F.3,F.4,F.5,F.6)
363 F
364

365 ###
366 #EVALUATION TWO: ORTHOGONALITY
367 #Remember this is not really a test, just a way to get a sense of #whether there are major problems
368 #Expectation of residuals
369

370 Eu <− c(mean(ols.one$resid),mean(ols.two$resid),mean(ols.three$resid),
371 mean(ols.four$resid),mean(ols.five$resid),
372 mean(ols.six$resid))
373 Eu
374

375

376 ###
377 #TEST THREE
378 #Evaluation of covariance of error terms with X values
379

380 #First have to create design matrices for each regression, with the #first column
381 #as residuals
382

383 #Important: note that ben stre includes interaction with school as #well as stre
384

385 X.one <− data.frame(ols.one$resid, X.auto$ben rtw.weekly,
386 ben stre = X.auto$ben rtw.weekly∗X.auto$stre∗X.auto$school,
387 ben school = X.auto$ben rtw.weekly∗X.auto$school,
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388 X.auto$school, school stre = X.auto$stre∗X.auto$school, X.auto$tsers,
389 X.auto$age rtwbegin, X.auto$rtwlag,
390 X.auto$sp500.lag1, X.auto$priv gsp.B, X.auto$gov gsp.B, X.auto$unc,
391 X.auto$comcol, X.auto$nrtw, X.auto$medicare, X.auto$socsec any,
392 X.auto$post09 rtwbegin, X.auto$active, X.auto$afc.weekly)
393

394 summary(X.one)
395 dim(X.one)
396

397

398 X.two <− data.frame(ols.two$resid, X.auto$ben rtw.weekly,
399 ben stre = X.auto$ben rtw.weekly∗X.auto$stre∗X.auto$school,
400 ben school = X.auto$ben rtw.weekly∗X.auto$school,
401 X.auto$school, school stre = X.auto$stre∗X.auto$school, X.auto$tsers,
402 X.auto$age rtwbegin, X.auto$rtwlag, X.auto$sp500.lag1, X.auto$priv gsp.B, X.auto$gov gsp.B, X.auto$unc,
403 X.auto$comcol, X.auto$nrtw, X.auto$medicare, X.auto$socsec any,
404 X.auto$post09 rtwbegin, X.auto$active, X.auto$afc.weekly)
405

406 summary(X.two)
407 dim(X.two)
408

409

410

411 X.three <− data.frame(ols.three$resid, X.auto$ln ben rtw.weekly,
412 ben stre = X.auto$ln ben rtw.weekly∗X.auto$stre∗X.auto$school,
413 ben school = X.auto$ln ben rtw.weekly∗X.auto$school,
414 X.auto$school,school stre = X.auto$stre∗X.auto$school, X.auto$tsers,
415 X.auto$age rtwbegin, X.auto$rtwlag, X.auto$sp500.lag1, X.auto$priv gsp.B, X.auto$gov gsp.B, X.auto$unc,
416 X.auto$comcol, X.auto$nrtw, X.auto$medicare, X.auto$socsec any,
417 X.auto$post09 rtwbegin, X.auto$active, X.auto$afc.weekly)
418

419 summary(X.three)
420 dim(X.three)
421

422

423

424

425 X.four <− data.frame(ols.four$resid, X.auto$ben rtw.weekly,
426 ben stre = X.auto$ben rtw.weekly∗X.auto$stre∗X.auto$school,
427 ben school = X.auto$ben rtw.weekly∗X.auto$school,
428 X.auto$school,school stre = X.auto$stre∗X.auto$school, X.auto$tsers,
429 X.auto$age rtwbegin, quad.age = X.auto$age rtwbeginˆ2 ,X.auto$rtwlag,
430 X.auto$sp500.lag1, X.auto$priv gsp.B, X.auto$gov gsp.B, X.auto$unc,
431 X.auto$comcol, X.auto$nrtw, X.auto$medicare, X.auto$socsec any,
432 X.auto$post09 rtwbegin, X.auto$active, X.auto$afc.weekly)
433

434 summary(X.four)
435 dim(X.four)
436

437
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438 X.five <− data.frame(ols.five$resid, X.auto$ben rtw.weekly,
439 quad.ben rtw.weekly,
440 quad.ben stre = X.auto$quad.ben rtw.weekly∗X.auto$stre∗X.auto$school,
441 quad.ben school = X.auto$quad.ben rtw.weekly∗X.auto$school,
442 X.auto$school,school stre = X.auto$stre∗X.auto$school, X.auto$tsers,
443 X.auto$age rtwbegin, quad.age = X.auto$age rtwbeginˆ2 ,X.auto$rtwlag,
444 X.auto$sp500.lag1, X.auto$priv gsp.B, X.auto$gov gsp.B, X.auto$unc,
445 X.auto$comcol, X.auto$nrtw, X.auto$medicare, X.auto$socsec any,
446 X.auto$post09 rtwbegin, X.auto$active, X.auto$afc.weekly)
447

448 summary(X.five)
449 dim(X.five)
450

451

452

453 X.six <− data.frame(ols.six$resid, X.auto$ln ben rtw.weekly,
454 ben stre = X.auto$ln ben rtw.weekly∗X.auto$stre∗X.auto$school,
455 ben school = X.auto$ln ben rtw.weekly∗X.auto$school,
456 X.auto$school,school stre = X.auto$stre∗X.auto$school, X.auto$tsers,
457 X.auto$age rtwbegin, X.auto$rtwlag,
458 X.auto$sp500.lag1, X.auto$priv gsp.B, X.auto$gov gsp.B, X.auto$unc,
459 X.auto$comcol, X.auto$nrtw, X.auto$medicare, X.auto$socsec any,
460 X.auto$post09 rtwbegin, X.auto$active, X.auto$afc.weekly)
461

462 ##
463 #Taking the first column of the covariance matrices
464 #Together E(u)=0 and Cov(x,u)=0 gives E(x,u)=0.
465 #Note this is not really a ’test’. To do a true test you would do #2−stage least squares.
466

467

468 print(cov(X.one)[,1])
469 print(cov(X.two)[,1])
470 print(cov(X.three)[,1])
471 print(cov(X.four)[,1])
472 print(cov(X.five)[,1])
473 print(cov(X.six)[,1])
474

475 #Looking at correlation, which gives unitless sense of covariance #though is not
476 #the appropriate measure for testing orthogonality
477

478 print(cor(X.one)[,1])
479 print(cor(X.two)[,1])
480 print(cor(X.three)[,1])
481 print(cor(X.four)[,1])
482 print(cor(X.five)[,1])
483 print(cor(X.six)[,1])
484

485 ###TEST FOUR
486 #Comparing R−Squared values −− see bottom of output
487
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488 summary(ols.one)
489 summary(ols.two)
490 summary(ols.three)
491 summary(ols.four)
492 summary(ols.five)
493 summary(ols.six)
494 summary(ols.seven)
495 summary(ols.eight)
496

497

498 ##Test FIVE
499 #For models that do best in tests above,
500 #How much do the models differ on coefficients of interest?
501

502 summary(ols.one)
503 summary(ols.three)
504 summary(ols.four)
505 summary(ols.five)
506

507 plot(ols.one)
508 plot(ols.five)
509

510 #Basically consistent after accounting for different functional forms.
511

512 #F−test for model four vs model one, since model 1 is nested in 4
513

514 SSRr <− sum(ols.one$residˆ2)
515 SSRur <− sum(ols.four$residˆ2)
516 df <− ols.four$df.residual
517 q <− 1 #because only one added df in unrestricted
518

519 F.1 4 <− (SSRr−SSRur)/q/SSRur/df
520 F.1 4
521 #Not significant. Favors restricted model.
522

523

524

525 ##Design matrix for model one
526

527 temp <− X.one[,−1]
528 dim(X.one)−dim(temp)
529

530 X <− data.matrix(temp)
531

532 #Another ’test’, evaluating trace assumption for asymptotic consistency of B
533 #Amemiya p 95
534

535 tr <− sum(diag(solve((t(X)%∗%X))))
536 tr
537
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538 #Small: 0.019. Not zero, but maybe small enough.
539

540 #Checking rank of design matrix in the ols model one and five
541 #Could already see this from OLS output above since all variables #included
542

543 ols.one$rank
544 ncol(X.one)
545 ols.five$rank
546 ncol(X.five)
547

548 ####RESULTS
549 #Presenting results for models one and five
550

551 #Design matrix for model one
552

553 X <− data.matrix(X.one[,−1])
554 intercept <− rep(1,nrow(X))
555 X <− cbind(intercept, X)
556 summary(X)
557 ln.Y <− data.matrix(ln.Y)
558

559 #Saving for later, note I’m replacing the old X.one
560 X.one <− X
561

562 n <− nrow(X)
563 p <− ncol(X)
564

565 #Manual coefficient calculations, to check that everything is correct
566

567 B.one <− solve(t(X)%∗%X)%∗%t(X)%∗%ln.Y
568 B.one
569 coef(ols.one)
570

571 #Yes
572

573 #Calculate predicted values
574

575 ln.Yhat <− X%∗%B.one
576 dim(ln.Yhat)
577 summary(ln.Yhat)
578

579 #Calcualte plain residuals
580

581 E <− ln.Y − ln.Yhat
582 E.one <− E
583

584 #Calculate White estimator for middle term in variance of B
585 #Hayashi p 123 and 113, White 1980 for proof of consistency
586

587 S <− matrix(rep(0,ncol(X)ˆ2),ncol(X),ncol(X))
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588

589 for(i in 1:n){
590

591 s <− E[i,]ˆ2 ∗(X[i,]%∗%t(X[i,]))
592

593 S <− S + s
594 }
595

596 S.hat <− S / n
597

598 dim(S.hat)
599

600 diag(S.hat)
601

602 Sx <− t(X)%∗%X / n
603

604

605 rVar.B <− solve(Sx)%∗%S.hat%∗%solve(Sx)
606 rSE.B <− (diag(rVar.B) / n)ˆ.5
607 robust.t <− (B.one−0)/rSE.B
608 robust.p <− (1−pt(abs(robust.t),df=n−p))∗2
609

610

611 #Check that R computing same se for Betas under homoskedastic case
612

613 s2.compare <− t(E)%∗%E / (n−p)
614

615 varb.compare <− s2.compare[1,1] ∗ (solve(t(X)%∗%X))
616 t.compare <− B.one / (diag(varb.compare))ˆ.5
617 p.compare <− (1−pt(abs(t.compare),df=n−p))∗2
618

619 p.compare
620 t.compare
621 summary(ols.one)
622 #Yes
623

624 tdiff <− robust.t − t.compare
625 pdiff <− robust.p − p.compare
626

627 ols.one.manual <− cbind(B.one, rSE.B, robust.t,robust.p, t.compare,
628 p.compare, tdiff, pdiff)
629 colnames(ols.one.manual) <− c("Beta","rSE.B","robust.t",
630 "robust Pr>|t|","standard.t","standard Pr>|t|", ’rbst t - std t’, ’rbst p - std p’)
631

632 ols.one.manual
633 summary(ols.one)
634

635

636

637 ##################
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638 #Analysis for Model five
639 #Design matrix for model five
640

641 X <− data.matrix(X.five[,−1])
642 intercept <− rep(1,nrow(X))
643 X <− cbind(intercept, X)
644 summary(X)
645

646 #Saving for later:
647 X.five <− X
648

649 n <− nrow(X)
650 p <− ncol(X)
651

652 #Manual coefficient calculations, to check that everything is correct
653

654 B.five <− solve(t(X)%∗%X)%∗%t(X)%∗%ln.Y
655 B.five
656 coef(ols.five)
657

658

659 #Calculate predicted values
660

661 ln.Yhat <− X%∗%B.five
662 dim(ln.Yhat)
663 summary(ln.Yhat)
664

665 #Calcualte plain residuals
666

667 E <− ln.Y − ln.Yhat
668

669 #Saving for later:
670 E.five <− E
671

672 #Calculate White estimator for middle term in variance of B
673 #Hayashi p 123 and 113
674

675 S <− matrix(rep(0,ncol(X)ˆ2),ncol(X),ncol(X))
676

677 for(i in 1:n){
678

679 s <− E[i,]ˆ2 ∗(X[i,]%∗%t(X[i,]))
680

681 S <− S + s
682 }
683

684 S.hat <− S / n
685

686 dim(S.hat)
687
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688 diag(S.hat)
689

690 Sx <− t(X)%∗%X / n
691

692

693 rVar.B <− solve(Sx)%∗%S.hat%∗%solve(Sx)
694 rSE.B <− (diag(rVar.B) / n)ˆ.5
695 robust.t <− (B.five−0)/rSE.B
696 robust.p <− (1−pt(abs(robust.t),df=n−p))∗2
697

698

699 #Check that R computing same se for Betas under homoskedastic case
700

701 s2.compare <− t(E)%∗%E / (n−p)
702

703 varb.compare <− s2.compare[1,1] ∗ (solve(t(X)%∗%X))
704 t.compare <− B.five / (diag(varb.compare))ˆ.5
705 p.compare <− (1−pt(abs(t.compare),df=n−p))∗2
706

707 p.compare
708 t.compare
709 summary(ols.five)
710

711

712 tdiff <− robust.t − t.compare
713 pdiff <− robust.p − p.compare
714

715 ols.five.manual <− cbind(B.five, rSE.B, robust.t,robust.p, t.compare,
716 p.compare, tdiff, pdiff)
717 colnames(ols.five.manual) <− c("Beta","rSE.B","robust.t",
718 "robust Pr>|t|","standard.t","standard Pr>|t|", ’rbst t -std t’, ’rbst p - std p’)
719

720 ols.five.manual
721 summary(ols.five)
722

723

724 ###############
725 ###Marginal effects
726 #Betas are NOT marginal effects for weekly benefit
727 ols.one.manual[,1]
728 ols.five.manual[,1]
729

730 ##Model One
731 #Creating unbiased variance estimate for errors
732 #Think about whether this applies under heteroskedasticity
733 #That wasn’t a big issue anyway
734

735 #E[exp(u)]:
736 Var.u <− t(E.one)%∗%E.one / (n−p)
737
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738 #Creating predicted Y for marginal effect of ben on Y, instead of ln Y
739

740 Yhat.one <− exp(Var.u[1,1]/2)∗exp(X.one%∗%B.one)
741

742 #Yhat one should be fairly close to but larger than the fitted value
743 #that doesn’t account for E[exp(u)]
744 summary(exp(ols.one$fitted))
745 summary(Yhat.one)
746

747 plot(Yhat.one, x=diff)
748 plot(Yhat.one, x=diff, xlim = c(0,2))
749

750

751

752 ##Model Five
753 #Creating variance estimate for errors
754 #Think about whether this applies under heteroskedasticity
755 #That wasn’t a big issue anyway
756

757 #E[exp(u)]:
758 Var.u <− t(E.five)%∗%E.five / (n−p)
759

760 #Creating predicted Y for marginal effect of ben on Y, instead of ln Y
761

762 Yhat.five <− exp(Var.u[1,1]/2)∗exp(X.five%∗%B.five)
763

764 #Yhat one should be fairly close to but larger than the fitted value
765 #that doesn’t account for E[exp(u)]
766 summary(exp(ols.five$fitted))
767 summary(Yhat.five)
768

769 plot(Yhat.five, x=diff)
770 plot(Yhat.five, x=diff, xlim = c(0,2), ylim = c(0,2))
771 plot(Yhat.five, x=diff, xlim = c(0,2), ylim = c(0,2))
772

773 plot(Yhat.five, x=Yhat.one, ylim=c(0,2))
774

775

776

777 ##Marginal effects
778 #At mean values
779 #Remember this is a change in the ratio of avg weekly earnings / #afc.weekly
780 #for a one−unit change in benefit
781 #Not meaningful for interpretation, since it’s a ratio, but gives a #sense of the effect
782 #Saving elasticities to report
783

784 elasticity.ben <− matrix(rep(NA, 6∗2),nrow=2,ncol=6)
785 colnames(elasticity.ben) <− c(’Base, means’,’25th pctl’,’75th pctl’,
786 ’99th pctl’,’school, means’,’schoolandstre, means’)
787 rownames <− c(’M1’,’M5’)
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788

789 mu.yhat.five <− mean(Yhat.five)
790 tq.yhat.five <− quantile(Yhat.five,.75)
791 fq.yhat.five <− quantile(Yhat.five,.25)
792 high.yhat.five <− quantile(Yhat.five,.99)
793

794 mu.yhat.one <− mean(Yhat.one)
795

796 summary(data$ben rtw.weekly)
797 mu.ben <− mean(data$ben rtw.weekly)
798 fq.ben <− quantile(data$ben rtw.weekly,.25)
799 tq.ben <− quantile(data$ben rtw.weekly,.75)
800 high.ben <− quantile(data$ben rtw.weekly,.99)
801

802 #
803 #Non−stre, nonschool
804 B.one
805 B.five
806

807 marg.ben.one <− mu.yhat.one ∗ B.one["X.auto.ben rtw.weekly",1]
808

809 marg.ben.five <− mu.yhat.five ∗ (B.five["X.auto.ben rtw.weekly",1] +
810 B.five["quad.ben rtw.weekly",1]∗2∗.0001∗mu.ben)
811 marg.ben.five.fq <− fq.yhat.five ∗ (B.five["X.auto.ben rtw.weekly",1] +
812 B.five["quad.ben rtw.weekly",1]∗2∗.0001∗fq.ben)
813 marg.ben.five.tq <− tq.yhat.five ∗ (B.five["X.auto.ben rtw.weekly",1] +
814 B.five["quad.ben rtw.weekly",1]∗2∗.0001∗tq.ben)
815 marg.ben.five.high <− high.yhat.five ∗ (B.five["X.auto.ben rtw.weekly",1] +
816 B.five["quad.ben rtw.weekly",1]∗2∗.0001∗high.ben)
817

818

819 #Compare
820 marg.ben.one
821 marg.ben.five
822 marg.ben.five.fq
823 marg.ben.five.tq
824 marg.ben.five.high
825

826 #Elasticity
827

828 elasticity.ben[1,1] <− marg.ben.one ∗ mu.ben / mu.yhat.one
829 elasticity.ben[2,1] <− marg.ben.five ∗ mu.ben / mu.yhat.five
830 elasticity.ben[2,2] <− marg.ben.five.fq ∗ fq.ben / fq.yhat.five
831 elasticity.ben[2,3] <− marg.ben.five.tq ∗ tq.ben / tq.yhat.five
832 elasticity.ben[2,4] <− marg.ben.five.high ∗ high.ben / high.yhat.five
833

834

835 plot(ln.Y,x=data$ben rtw.weekly)
836 plot(ln.Y,x=(data$ben rtw.weekly), xlim=c(0,2000))
837 plot(ln.Y,x=(data$ben rtw.weekly), xlim=c(0,750))
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838

839 #
840 #Marginal effect if school is true, at means
841

842 marg.ben.one <− mu.yhat.one ∗ B.one["X.auto.ben rtw.weekly",1] +
843 B.one["ben school",1]
844

845 marg.ben.five <− mu.yhat.five ∗ B.five["X.auto.ben rtw.weekly",1] +
846 B.five["quad.ben rtw.weekly",1]∗2∗.0001∗mu.ben +
847 B.five["quad.ben school",1]
848

849 #Compare
850 marg.ben.one
851 marg.ben.five
852

853 elasticity.ben[1,5] <− marg.ben.one ∗ mu.ben / mu.yhat.one
854 elasticity.ben[2,5] <− marg.ben.five ∗ mu.ben / mu.yhat.five
855

856 #
857 #Marginal effect of benefit if stre and school interaction is 1, at #means
858 #Essentially meaningless to have stre separate from school
859 #Remember that ben stre refers to interaction
860

861 marg.ben.one <− mu.yhat.one ∗ B.one["X.auto.ben rtw.weekly",1] +
862 B.one["ben stre",1]
863

864 marg.ben.five <− mu.yhat.five ∗ B.five["X.auto.ben rtw.weekly",1] +
865 B.five["quad.ben rtw.weekly",1]∗2∗.0001∗mu.ben +
866 B.five["quad.ben stre",1]
867

868 #Compare
869 marg.ben.one
870 marg.ben.five
871

872 elasticity.ben[1,6] <− marg.ben.one ∗ mu.ben / mu.yhat.one
873 elasticity.ben[2,6] <− marg.ben.five ∗ mu.ben / mu.yhat.five
874

875

876 elasticity.ben
877

878 #Plotting predicted for chosen models
879 #Remember these are log−fitted values
880

881 plot(ols.one$fitted,x=ln.Y)
882 plot(ols.five$fitted,x=ln.Y)
883 plot(ols.five$fitted,x=ols.one$fitted)
884

885 plot(x=(X.auto$quad.ben rtw.weekly+X.auto$ben rtw.weekly),y=ols.five$resid)
886 plot(x=(X.auto$quad.ben rtw.weekly+X.auto$ben rtw.weekly),y=ols.five$fitted,
887 xlim = c(0,2000))
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888

889 plot(x=X.auto$ben rtw.weekly,y=ols.one$resid, xlim=c(0,2000))
890 plot(x=(X.auto$ben rtw.weekly),y=ols.one$fitted,
891 xlim = c(0,2000))
892

893

894 #########################################
895 #Reestimating five and one with no STRE
896 #Think about this: Might be important for testing iid assumption
897

898 ###MODEL ONE
899 #Creating dataset without STRE
900

901

902 summary(X.one[,"school stre"])
903 sum(X.one[,"school stre"])
904

905 T.one <− X.one[X.one[,"school stre"] != 1,−1]
906 dim(T.one) − dim(X.one)
907 #Minus one is for residuals in first column of X.one
908

909 #Removing STRE−related columns
910

911 temp <− T.one[,−c(2,5)]
912 dim(temp)−dim(T.one)
913 summary(temp)
914

915 T.one <− data.frame(temp)
916 is.data.frame(T.one)
917 colnames(T.one) <− c("ben rtw.weekly", "ben school",
918 "school", "tsers", "age rtwbegin", "rtwlag", "sp500.lag1",
919 "priv gsp.B", "gov gsp.B", "unc", "comcol", "nrtw", "medicare",
920 "socsec any","post09 rtwbegin", "active", "afc.weekly")
921 summary(T.one)
922

923 #removing same from ln.Y
924

925 temp <− ln.Y[X.one[,"school stre"] != 1]
926 summary(temp)
927 length(temp)−length(ln.Y)
928

929 ln.Y <− temp
930

931 #Running model
932 summary(ols.oneb <− lm(ln.Y ˜ ben rtw.weekly +
933 ben school +
934 school + tsers + age rtwbegin + rtwlag
935 + sp500.lag1 + priv gsp.B + gov gsp.B
936 + unc + comcol + nrtw +
937 medicare + socsec any + post09 rtwbegin + active + afc.weekly, data=T.one))



20

938

939 par(mfrow = c(2,2))
940 plot(ols.oneb, las = 1)
941

942 #Comparing coefficients
943

944 coef(ols.one)
945 coef(ols.oneb)
946

947

948

949 #MODEL FIVE
950

951

952 summary(X.five[,"school stre"])
953 sum(X.five[,"school stre"])
954

955 T.five <− X.five[X.five[,"school stre"] != 1,−1]
956 dim(T.five) − dim(X.five)
957 #Minus one is for residuals in first column of X.five
958

959 #Removing STRE−related columns
960

961 temp <− T.five[,−c(3,6)]
962 dim(temp)−dim(T.one)
963 summary(temp)
964

965 T.five <− data.frame(temp)
966 is.data.frame(T.five)
967 colnames(T.five) <− c("ben rtw.weekly", "quad.ben rtw.weekly",
968 "quad.ben school",
969 "school", "tsers", "age rtwbegin", "quad.age","rtwlag", "sp500.lag1",
970 "priv gsp.B", "gov gsp.B", "unc", "comcol", "nrtw", "medicare",
971 "socsec any","post09 rtwbegin", "active", "afc.weekly")
972 summary(T.five)
973

974 #Running model
975 summary(ols.fiveb <− lm(ln.Y ˜ ben rtw.weekly + quad.ben rtw.weekly +
976 quad.ben school +
977 school + tsers + quad.age + age rtwbegin + rtwlag
978 + sp500.lag1 + priv gsp.B + gov gsp.B
979 + unc + comcol + nrtw +
980 medicare + socsec any + post09 rtwbegin + active +afc.weekly, data=T.five))
981

982 par(mfrow = c(2,2))
983 plot(ols.fiveb, las = 1)
984

985 #Comparing coefficients
986

987 coef(ols.five)
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988 coef(ols.fiveb)
989

990

991

992 ########################
993 #Residuals plots
994

995 #
996 #Model One
997

998 #These two graphs show why it was important to re−estimate the model
999 #without STRE. Definitely two distinct blobs of fitted values

1000 #Second graph shows it’s because of STRE
1001

1002 coplot(ols.one$resid ˜ Yhat.one | as.factor(data$active),
1003 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1004 xlab = "Fitted log[Avg Earnings]",
1005 show.given = TRUE,
1006 bar.bg = c(num = gray(0.8), fac = gray(0.75)), xlim=c(0,.5))
1007

1008

1009 coplot(ols.one$resid ˜ Yhat.one | as.factor(data$school)∗
1010 as.factor(data$stre),
1011 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1012 xlab = "Fitted log[Avg Earnings]",
1013 show.given = TRUE,
1014 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1015

1016 coplot(ols.one$resid ˜ data$ben rtw.weekly | as.factor(data$unc),
1017 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1018 xlab = "Weekly Benefit at Return to Work",
1019 show.given = TRUE,
1020 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1021

1022 coplot(ols.one$resid ˜ data$ben rtw.weekly | as.factor(data$school)∗
1023 as.factor(data$stre),
1024 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1025 xlab = "Weekly Benefit at Return to Work",
1026 show.given = TRUE,
1027 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1028

1029 coplot(ols.one$resid ˜ data$afc.weekly | as.factor(data$school)∗
1030 as.factor(data$stre),
1031 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1032 xlab = "Weekly Average Final Compensation",
1033 show.given = TRUE,
1034 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1035

1036 coplot(ols.one$resid ˜ data$ben rtw.weekly | as.factor(data$comcol),
1037 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
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1038 xlab = "Weekly Benefit at Return to Work",
1039 show.given = TRUE,
1040 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1041

1042 coplot(ols.one$resid ˜ data$ben rtw.weekly | as.factor(data$medicare),
1043 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1044 xlab = "Weekly Benefit at Return to Work",
1045 show.given = TRUE,
1046 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1047

1048 coplot(ols.one$resid ˜ data$ben rtw.weekly | as.factor(data$post09 rtwbegin),
1049 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1050 xlab = "Weekly Benefit at Return to Work",
1051 show.given = TRUE,
1052 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1053

1054 coplot(ols.one$resid ˜ data$priv gsp.B | as.factor(data$post09 rtwbegin),
1055 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1056 xlab = "Private Gross State Product, billions $2013",
1057 show.given = TRUE,
1058 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1059

1060 coplot(ols.one$resid ˜ data$priv gsp.B | as.factor(data$post09 rtwbegin),
1061 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model One",
1062 xlab = "Private Gross State Product, billions $2013",
1063 show.given = TRUE,
1064 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1065

1066 #
1067 #Model Five
1068

1069

1070 coplot(ols.five$resid ˜ Yhat.five | as.factor(data$school),
1071 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1072 xlab = "Fitted log[Avg Earnings]",
1073 show.given = TRUE,
1074 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1075

1076 coplot(ols.five$resid ˜ Yhat.five | as.factor(data$school)∗
1077 as.factor(data$stre), xlim = c(0,1000),
1078 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1079 xlab = "Fitted log[Avg Earnings], zoom",
1080 show.given = TRUE,
1081 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1082

1083 coplot(ols.five$resid ˜ data$ben rtw.weekly | as.factor(data$unc),
1084 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1085 xlab = "Weekly Benefit at Return to Work",
1086 show.given = TRUE,
1087 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
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1088

1089 coplot(ols.five$resid ˜ data$ben rtw.weekly | as.factor(data$school)∗
1090 as.factor(data$stre),
1091 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1092 xlab = "Weekly Benefit at Return to Work",
1093 show.given = TRUE,
1094 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1095

1096 coplot(ols.five$resid ˜ data$afc.weekly | as.factor(data$school)∗
1097 as.factor(data$stre),
1098 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1099 xlab = "Weekly Average Final Compensation",
1100 show.given = TRUE,
1101 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1102

1103 coplot(ols.five$resid ˜ data$ben rtw.weekly | as.factor(data$comcol),
1104 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1105 xlab = "Weekly Benefit at Return to Work",
1106 show.given = TRUE,
1107 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1108

1109 coplot(ols.five$resid ˜ data$ben rtw.weekly | as.factor(data$medicare),
1110 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1111 xlab = "Weekly Benefit at Return to Work",
1112 show.given = TRUE,
1113 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1114

1115 coplot(ols.five$resid ˜ data$ben rtw.weekly | as.factor(data$post09 rtwbegin),
1116 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1117 xlab = "Weekly Benefit at Return to Work",
1118 show.given = TRUE,
1119 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1120

1121 coplot(ols.five$resid ˜ data$priv gsp.B | as.factor(data$post09 rtwbegin),
1122 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1123 xlab = "Private Gross State Product, billions $2013",
1124 show.given = TRUE,
1125 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1126

1127 coplot(ols.five$resid ˜ data$gov gsp.B | as.factor(data$post09 rtwbegin),
1128 data = data, pch = 21, bg = "ivory4", ylab = "Residuals, Model Five",
1129 xlab = "Private Gross State Product, billions $2013",
1130 show.given = TRUE,
1131 bar.bg = c(num = gray(0.8), fac = gray(0.75)))
1132

1133 #Plotting quadratic relatonship
1134

1135 temp <− B.five["X.auto.ben rtw.weekly",1]∗data$ben rtw.weekly +
1136 B.five["quad.ben rtw.weekly",1]∗.0001∗data$ben rtw.weeklyˆ2
1137
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1138 par(mfrow=c(1,1), bg=’whitesmoke’,mar=c(5, 4, 4, 4))
1139 plot(y=temp,x=data$ben rtw.weekly, xlab="",
1140 ylab="", main="",
1141 col=’thistle4’, font=10)
1142 title(main="Retirement Benefit Effect on Relative Earnings",
1143 ylab=’log[Earnings], changing with benefit in model five’,
1144 xlab="Retirement Benefit at Return, weekly",
1145 font.main=10, cex.lab=.9,col.lab="gray25",font.lab=3)
1146 abline(v=c(mu.ben,fq.ben,tq.ben,high.ben),col="gray50",lty=2)
1147 mtext("Lines at mean, quartiles, 99th percentile",cex=.9,col=’gray25’,side=3,font=3)
1148

1149 #Plotting linear relationship
1150 temp <− B.one["X.auto.ben rtw.weekly",1]∗data$ben rtw.weekly
1151

1152 par(mfrow=c(1,1), bg=’whitesmoke’,mar=c(5, 4, 4, 4))
1153 plot(y=temp,x=data$ben rtw.weekly, xlab="",
1154 ylab="", main="",
1155 col=’thistle4’, font=10)
1156 title(main="Retirement Benefit Effect on Relative Earnings",
1157 ylab=’log[Earnings], changing with benefit in model one’,
1158 xlab="Retirement Benefit at Return, weekly",
1159 font.main=10, cex.lab=.9,col.lab="gray25",font.lab=3)
1160 abline(v=c(mu.ben,fq.ben,tq.ben,high.ben),col="gray50",lty=2)
1161 mtext("Lines at mean, quartiles, 99th percentile",cex=.9,col=’gray25’,side=3,font=3)
1162

1163

1164 marg.ben.five.fq
1165 marg.ben.five.tq
1166 marg.ben.five.high
1167

1168 #################################
1169 ###############
1170 #Displaying final regression results
1171

1172 #Models One
1173

1174 #1. Original Model
1175 summary(ols.one)
1176

1177 #2. With robust standard errors
1178 ols.one.manual
1179

1180 #3. Without STRE
1181 summary(ols.oneb)
1182

1183

1184 #Models Five
1185

1186 #1. Original Model
1187 summary(ols.five)
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1188

1189 #2. With robust standard errors
1190 ols.five.manual
1191

1192 #3. Without STRE
1193 summary(ols.fiveb)
1194

1195

1196

1197 stargazer(ols.one)
1198 stargazer(ols.five)
1199 stargazer(ols.fiveb)
1200 stargazer(ols.oneb)
1201 stargazer(ols.onesvc)
1202 stargazer(ols.fivesvc)
1203

1204 write.table(ols.five.manual,file=’robust.olsfive.csv’,col.names=TRUE)
1205 write.table(ols.one.manual,file=’robust.olsone.csv’,col.names=TRUE)
1206 write.table(elasticity.ben,file=’elasticity.csv’,col.names=TRUE)
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Survival Analysis

1 #RTW Data Survival Analysis
2

3 #Requiring survival packages
4 #If using flexsurv: require(flexsurv)
5

6 require(survival)
7

8 #Using library of code for stargazer, to display regression results
9 library(stargazer)

10

11 #Import data
12 setwd("C:/Users/ret0269/Desktop/R Files")
13 data <− read.csv("RTW data analysis-ready.csv", header=TRUE, stringsAsFactors=FALSE)
14

15 ##Additional variables from visualization code and
16 summary(data)
17 sapply(data,class)
18

19 #Indicator to mark ”failures” with a 1, instead of with zero as I had #it
20 quit.rtw <− rep(0,nrow(data))
21 quit.rtw[data[,"active"]==0] <− 1
22

23 #Check: Should be 1 minus each other
24 summary(data$active)
25 summary(quit.rtw)
26

27 #Extra variables
28 diff <− data$avgearn/data$afc.weekly
29 ln diff <− log(data$avgearn/data$afc.weekly)
30 ln diff ben <− data$ln ben latest − data$ln ben rtw
31 diff ben <− exp(data$ln ben latest)/ exp(data$ln ben rtw)
32 quad.ben rtw.weekly <− .0001∗(data$ben rtw.weekly)ˆ2
33 ben.sp500 <− (data$ben rtw.weekly / data$sp500.lag)
34

35 summary(diff ben)
36 list(diff ben[diff ben>2])
37 list(data$tsers[diff ben>2])
38 list(data$ben rtw.weekly[diff ben>2])
39 list(data$ln ben latest[diff ben>2])
40 list(data$rtwlen[diff ben>2])
41

42 #Likely error here because one person has almost 1000 times the benefit
43 #I don’t believe that’s possible but am not 100−percent sure
44 #Went from $0.25 weekly benefit to $1043 weekly benefit.
45 #Long rtw period, so perhaps something changed in the meantime for #that person.
46 #I can’t yet justify eliminating it for any reason other than it looks #funny.
47
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48 school.stre <− rep(0,nrow(data))
49 school.stre[data[,"stre"]==1 & data[,"school"]==1] <− 1
50

51 #Check on school.stre
52 sum(data$stre[data$school==1])
53 sum(school.stre)
54

55 #Putting into data frame
56 temp <− cbind(data, quit.rtw, ln diff ben, diff ben,
57 diff, ln diff, quad.ben rtw.weekly,ben.sp500,school.stre)
58 summary(temp)
59

60 data<− temp
61

62

63 ###################
64 #SET UP DESIGN MATRIX FOR CALCULATIONS USING STOCK FUNCTIONS ONLY
65 #After model selection, set up design matrix for manual calculations #of specific stats
66

67 #Dummy variable organization
68 #Intercept term (base of all dummies) is:
69 #non−active, non−medicare or − soc security eligible at rtw begin
70 #begin before 09
71 #LGERS (because non−STRE or STRS), non−teacher, non−UNC, non−comcol
72 #(Important: The last three do not form a linear combination of LGERS #b/c some non−lgers also don’t fit into those categories)
73 #(Also: This specifically says not to include LGERS as a variable, #which would mean the intercept is perfectly correlated with the #combination of LGERS, TSERS and STRE)
74

75 #Also note using Medicare and Soc Sec any means you probably shouldn’t #also use
76 #one of the age variables, since in combination with the dependent #variable
77 #they determine each other.
78

79 #Creating survival data format: Surv(length of time, failure marker=1)
80 #Specifying right−censored data
81 #See survival package documentation p 80, online
82

83 surv.data <− Surv(data$rtwlen,event=data$quit.rtw,type=’right’)
84 summary(surv.data)
85

86

87 #######
88 #Basic plots of Kaplan−Meier survival esitmates
89

90 km.fit <− survfit(surv.data ˜ 1, conf.int=FALSE)
91 print(km.fit)
92

93 par(mfrow=c(1,1),bg=’whitesmoke’)
94

95 plot(km.fit, col=’slategrey’,font=10)
96 title(xlab=’Work time in retirement until quit, weeks’,
97 ylab=’Survival Probability to Time, Kaplan-Meier’,font.lab=3, col.lab=’grey25’)
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98

99

100 #
101 #Graphical Tests of Proportional Hazards (or Accelerated failure Time)
102 #assumptions for groups of interest
103 #Note that variables are replaced with each test group, so save
104 #each plot after running. Could set up each graph to save to a file.
105

106 #Creating line to show straight−line comparison
107 x <− seq(from=−2,to=6, by=.1)
108 test1 <− −4.6 + .85∗x
109 test2 <− 4.6 + x
110

111 #Note: Come back to this and show that slope and intercept from final model
112 #Weibull Two A match the ones above very well, which were set arbitrarily to look good with the plots below.
113

114

115 #
116 #School vs. No−school
117

118 km.fit.s <− survfit(surv.data[data$school==1] ˜ 1, conf.int=FALSE)
119 km.fit.ns <− survfit(surv.data[data$school==0] ˜ 1, conf.int=FALSE)
120

121 ln ts <− log(summary(km.fit.s)$time)
122 ln tns <− log(summary(km.fit.ns)$time)
123

124 ln s <− log(−log(summary(km.fit.s)$surv))
125 ln ns <− log(−log(summary(km.fit.ns)$surv))
126

127 par(mfrow=c(1,1),bg=’whitesmoke’)
128 plot(ln s, x=ln ts, col=’tomato2’,xlab=’’,ylab=’’)
129 lines(ln ns,x=ln tns,col=’olivedrab’,lwd=4)
130 lines(y=test1,x=x,lty=2,col=’grey25’, lwd=2)
131

132 title(main="Graphical Test of Survival Analysis Assumptions",
133 sub=’School (orange) vs. non-school (green)’,
134 xlab=’log[Weeks in Work]’,
135 ylab=’log[-log[S(t)]]’,
136 font.main=10, cex.main=.95, font.sub=8,
137 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
138

139 #Zoom
140

141 par(mfrow=c(1,1),bg=’whitesmoke’)
142 plot(ln s, x=ln ts, col=’tomato2’,xlab=’’,ylab=’’, xlim=c(1.5,6))
143 lines(ln ns,x=ln tns,col=’olivedrab’,lwd=4)
144 lines(y=test1,x=x,lty=2,col=’grey25’, lwd=2)
145

146 title(main="Graphical Test of Survival Analysis Assumptions",
147 sub=’School (orange) vs. non-school (green)’,
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148 xlab=’log[Weeks in Work]’,
149 ylab=’log[-log[S(t)]]’,
150 font.main=10, cex.main=.95, font.sub=8,
151 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
152

153

154

155 #
156 #School & STRE vs not
157

158 km.fit.s <− survfit(surv.data[data$school.stre==1] ˜ 1, conf.int=FALSE)
159 km.fit.ns <− survfit(surv.data[data$school.stre==0] ˜ 1, conf.int=FALSE)
160

161 ln ts <− log(summary(km.fit.s)$time)
162 ln tns <− log(summary(km.fit.ns)$time)
163

164 ln s <− log(−log(summary(km.fit.s)$surv))
165 ln ns <− log(−log(summary(km.fit.ns)$surv))
166

167 par(mfrow=c(1,1),bg=’whitesmoke’)
168 plot(ln s, x=ln ts, col=’tomato2’,xlab=’’,ylab=’’)
169 lines(ln ns,x=ln tns,col=’olivedrab’,lwd=4)
170 title(main="Graphical Test of Survival Analysis Assumptions",
171 sub=’School & Exempt from Earnings Limit (orange) vs. Not (green)’,
172 xlab=’log[Weeks in Work]’,
173 ylab=’log[-log[S(t)]]’,
174 font.main=10, cex.main=.95, font.sub=8,
175 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
176

177 #Suggests PH assumption for school.stre violated. Can estimate model #with and without.
178

179

180

181 #
182 #post09 rtwbegin vs not
183

184 km.fit.s <− survfit(surv.data[data$post09 rtwbegin==1] ˜ 1, conf.int=FALSE)
185 km.fit.ns <− survfit(surv.data[data$post09 rtwbegin==0] ˜ 1, conf.int=FALSE)
186

187 ln ts <− log(summary(km.fit.s)$time)
188 ln tns <− log(summary(km.fit.ns)$time)
189

190 ln s <− log(−log(summary(km.fit.s)$surv))
191 ln ns <− log(−log(summary(km.fit.ns)$surv))
192

193 par(mfrow=c(1,1),bg=’whitesmoke’)
194 plot(ln s, x=ln ts, col=’tomato2’,xlab=’’,ylab=’’)
195 lines(ln ns,x=ln tns,col=’olivedrab’,lwd=4)
196 title(main="Graphical Test of Survival Analysis Assumptions",
197 sub=’Post-2009 Begin Work (orange) vs. Pre-2009 (green)’,
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198 xlab=’log[Weeks in Work]’,
199 ylab=’log[-log[S(t)]]’,
200 font.main=10, cex.main=.95, font.sub=8,
201 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
202

203

204 #Switched just to show the bottom end matches up too, despite what #line shows
205

206 par(mfrow=c(1,1),bg=’whitesmoke’)
207 plot(ln ns, x=ln tns, col=’olivedrab’,xlab=’’,ylab=’’)
208 lines(ln s,x=ln ts,col=’tomato2’,lwd=4)
209 title(main="Graphical Test of Survival Analysis Assumptions",
210 sub=’Post-2009 Begin Work (orange) vs. Pre-2009 (green)’,
211 xlab=’log[Weeks in Work]’,
212 ylab=’log[-log[S(t)]]’,
213 font.main=10, cex.main=.95, font.sub=8,
214 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
215

216

217 #
218 #Medicare vs. not
219

220 km.fit.s <− survfit(surv.data[data$medicare==1] ˜ 1, conf.int=FALSE)
221 km.fit.ns <− survfit(surv.data[data$medicare==0] ˜ 1, conf.int=FALSE)
222

223 ln ts <− log(summary(km.fit.s)$time)
224 ln tns <− log(summary(km.fit.ns)$time)
225

226 ln s <− log(−log(summary(km.fit.s)$surv))
227 ln ns <− log(−log(summary(km.fit.ns)$surv))
228

229 par(mfrow=c(1,1),bg=’whitesmoke’)
230 plot(ln s, x=ln ts, col=’wheat3’,xlab=’’,ylab=’’)
231 lines(ln ns,x=ln tns,col=’thistle4’,lwd=4)
232 title(main="Graphical Test of Survival Analysis Assumptions",
233 sub=’Medicare Eligible Age at Return (tan) vs. Not (purple)’,
234 xlab=’log[Weeks in Work]’,
235 ylab=’log[-log[S(t)]]’,
236 font.main=10, cex.main=.95, font.sub=8,
237 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
238

239

240 #
241 #High−level benefit vs. low
242

243 high.ben <− quantile(data$ben rtw.weekly,.75)
244 low.ben <− quantile(data$ben rtw.weekly,.25)
245 summary(data$ben rtw.weekly)
246 high.ben
247
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248 km.fit.s <− survfit(surv.data[data$ben rtw.weekly>=high.ben] ˜ 1, conf.int=FALSE)
249 km.fit.ns <− survfit(surv.data[data$ben rtw.weekly<=low.ben] ˜ 1, conf.int=FALSE)
250

251 ln ts <− log(summary(km.fit.s)$time)
252 ln tns <− log(summary(km.fit.ns)$time)
253

254 ln s <− log(−log(summary(km.fit.s)$surv))
255 ln ns <− log(−log(summary(km.fit.ns)$surv))
256

257 par(mfrow=c(1,1),bg=’whitesmoke’)
258 plot(ln s, x=ln ts, col=’wheat3’,xlab=’’,ylab=’’)
259 lines(ln ns,x=ln tns,col=’thistle4’,lwd=4)
260 lines(y=test1,x=x,lty=2,col=’grey25’, lwd=2)
261

262 title(main="Graphical Test of Survival Analysis Assumptions",
263 sub=’Benefit > 75th perc. (tan) vs. < 25th perc. (purple)’,
264 xlab=’log[Weeks in Work]’,
265 ylab=’log[-log[S(t)]]’,
266 font.main=10, cex.main=.95, font.sub=8,
267 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
268

269 #Zoom
270

271 par(mfrow=c(1,1),bg=’whitesmoke’)
272 plot(ln s, x=ln ts, col=’wheat3’,xlab=’’,ylab=’’,
273 xlim=c(1.5,6), ylim=c(−2.5,.5))
274 lines(ln ns,x=ln tns,col=’thistle4’,lwd=4)
275 lines(y=test1,x=x,lty=2,col=’grey25’, lwd=2)
276

277 title(main="Graphical Test of Survival Analysis Assumptions",
278 sub=’Benefit > 75th perc. (tan) vs. < 25th perc. (purple)’,
279 xlab=’log[Weeks in Work]’,
280 ylab=’log[-log[S(t)]]’,
281 font.main=10, cex.main=.95, font.sub=8,
282 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
283

284 #
285 #LOG High−level benefit vs. low
286

287 high.ben <− quantile(data$ln ben rtw,.75)
288 low.ben <− quantile(data$ln ben rtw,.25)
289

290 km.fit.s <− survfit(surv.data[data$ln ben rtw>=high.ben] ˜ 1, conf.int=FALSE)
291 km.fit.ns <− survfit(surv.data[data$ln ben rtw<=low.ben] ˜ 1, conf.int=FALSE)
292

293 ln ts <− log(summary(km.fit.s)$time)
294 ln tns <− log(summary(km.fit.ns)$time)
295

296 ln s <− log(−log(summary(km.fit.s)$surv))
297 ln ns <− log(−log(summary(km.fit.ns)$surv))
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298

299 par(mfrow=c(1,1),bg=’whitesmoke’)
300 plot(ln s, x=ln ts, col=’wheat4’,xlab=’’,ylab=’’)
301 lines(ln ns,x=ln tns,col=’thistle4’,lwd=4)
302 title(main="Graphical Test of Proportional Hazards Assumption",
303 sub=’log[Benefit] > 75th perc. vs. < 25th perc.’,
304 xlab=’log[Weeks in Work]’,
305 ylab=’log[-log[S(t)]]’,
306 font.main=10, cex.main=.95, font.sub=8,
307 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
308

309

310

311 #
312 #QUADRATIC High−level benefit vs. low
313

314 high.ben <− quantile(data$quad.ben rtw.weekly,.75)
315 low.ben <− quantile(data$quad.ben rtw.weekly,.25)
316

317 km.fit.s <− survfit(surv.data[data$quad.ben rtw.weekly>=high.ben] ˜ 1, conf.int=FALSE)
318 km.fit.ns <− survfit(surv.data[data$quad.ben rtw.weekly<=low.ben] ˜ 1, conf.int=FALSE)
319

320 ln ts <− log(summary(km.fit.s)$time)
321 ln tns <− log(summary(km.fit.ns)$time)
322

323 ln s <− log(−log(summary(km.fit.s)$surv))
324 ln ns <− log(−log(summary(km.fit.ns)$surv))
325

326 par(mfrow=c(1,1),bg=’whitesmoke’)
327 plot(ln s, x=ln ts, col=’wheat4’,xlab=’’,ylab=’’)
328 lines(ln ns,x=ln tns,col=’thistle4’,lwd=4)
329 title(main="Graphical Test of Proportional Hazards Assumption",
330 sub=’Benefit^2 > 75th perc. vs. < 25th perc.’,
331 xlab=’log[Weeks in Work]’,
332 ylab=’log[-log[S(t)]]’,
333 font.main=10, cex.main=.95, font.sub=8,
334 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
335

336

337 ##PROPORTIONAL ODDS ASSUMPTION TEST FOR LOGISTIC
338 #
339

340 test1 <− −4.25 +.6∗x
341

342 #School vs. No−school
343

344 km.fit.s <− survfit(surv.data[data$school==1] ˜ 1, conf.int=FALSE)
345 km.fit.ns <− survfit(surv.data[data$school==0] ˜ 1, conf.int=FALSE)
346

347 ln ts <− log(summary(km.fit.s)$time)
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348 ln tns <− log(summary(km.fit.ns)$time)
349

350 ln s <− log(1−(summary(km.fit.s)$surv))/(summary(km.fit.s)$surv)
351 ln ns <− log(1−(summary(km.fit.ns)$surv))/(summary(km.fit.ns)$surv)
352

353 par(mfrow=c(1,1),bg=’whitesmoke’)
354 plot(ln s, x=ln ts, col=’tomato2’,xlab=’’,ylab=’’)
355 lines(ln ns,x=ln tns,col=’olivedrab’,lwd=4)
356 lines(y=test1,x=x,lty=2,col=’grey25’, lwd=2)
357

358 title(main="Graphical Test of Proportional Odds Assumption for Log-Logistic Model",
359 sub=’School (orange) vs. non-school (green)’,
360 xlab=’log[Weeks in Work]’,
361 ylab=’log[1-S(t)] / S(t)’,
362 font.main=10, cex.main=.75, font.sub=8,
363 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
364

365 #Zoom
366 plot(ln s, x=ln ts, col=’tomato2’,xlab=’’,ylab=’’,xlim=c(1.5,6))
367 lines(ln ns,x=ln tns,col=’olivedrab’,lwd=4)
368 title(main="Graphical Test of Proportional Odds Assumption",
369 sub=’School vs. non-school’,
370 xlab=’log[Weeks in Work]’,
371 ylab=’log[1-S(t)] / S(t)’,
372 font.main=10, cex.main=.95, font.sub=8,
373 font.lab=8,col.sub=’grey25’,col.lab=’grey25’)
374

375

376

377

378 #
379 ##Notes
380

381

382

383 #Plotting log of rtw length to get a sense of how many are in the skewed region
384

385 index <− seq(from=1, to=nrow(data),by=1)
386 plot(x=log(data$rtwlen),y=index, xlab=’log[Weeks of Work]’, ylab=’Index’)
387

388 length(log(data$rtwlen)[log(data$rtwlen)<0])
389 length(log(data$rtwlen)[log(data$rtwlen)<1])
390 length(log(data$rtwlen)[log(data$rtwlen)<2])
391

392 #Only 22 people are marked as working less than a week. Those could #well be errors,
393 #since rtwlength is the time between the beginning of the first pay #and end of last pay
394 #can’t say for sure without more information, so will leave samples in.
395

396 #Log of <1 corresponds to work times of less than ˜2.7 weeks.
397 #Log of <2 corresponds to work times of less than ˜5.4 weeks and #includes 1444 people.
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398

399

400

401 #Somewhat surprising is that for the most part ln(−ln(S(t))) is linear,
402 #particularly where most of the data points are.
403 #That supports the proportional hazards assumptions and, for the #Weibull model,
404 #the accelerated failure time assumption as well. See Kleinbaum.
405 #It also supports an exponential or Weibull model, which have constant #slopes for ln(−ln(S(t)))
406

407

408

409

410 ###################################
411 #REGRESSIONS: STEP ONE
412

413 #
414 ##Model One: Exponential
415

416 summary(surv.one <− survreg(surv.data ˜ ln diff + ln diff ben +
417 school + school.stre + tsers + unc + comcol +
418 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
419 post09 rtwbegin + medicare + socsec any + nrtw,
420 data=data , dist=’exponential’))
421

422 #Testing that flexsurv and surival packages give same results
423

424

425 #test <− flexsurvreg(surv.data ˜ ln diff + ln diff ben +
426 #school + school.stre + tsers + unc + comcol +
427 #sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
428 #post09 rtwbegin + medicare + socsec any + nrtw,
429 #data=data , dist=’exp’)
430

431 #test$res
432 #test$loglik
433

434 #Note that rate, not mean, is reported with flexsurvreg
435 #Convergence issue
436 #Do not use flexsurvreg except maybe for generalized gamma, not #available with survreg
437

438

439 #
440 #Model Two: Weibull
441

442 summary(surv.two <− survreg(surv.data ˜ ln diff + ln diff ben +
443 school + school.stre + tsers + unc + comcol +
444 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
445 post09 rtwbegin + medicare + socsec any + nrtw,
446 data=data , dist=’weibull’))
447
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448 #Check that flexsurv and survival packages give same results
449 #slightly different process to get results.
450 #Need to use (name)$res to get coefficient and parameter results
451

452

453 #Putting hashtags here to save the code but avoid running it
454

455 #test <− flexsurvreg(surv.data ˜ ln diff + ln diff ben +
456 #school + school.stre + tsers + unc + comcol +
457 #sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
458 #post09 rtwbegin + medicare + socsec any + nrtw,
459 #data=data , dist=’weibull’)
460

461 test$res
462 test$loglik
463

464 #Coefficients and log−likelihood the same.
465 #Estimates a shape parameter as well as scale. Different #parameterization.
466 #See flexsurvreg documentation online: Parameterization is same as for #dweibull
467 #”Scale” in survreg should be 1/shape, where shape is reported in #flexsurvreg and dweibull
468 #Intercept in survreg for weibull is log(scale) in flexsurvreg
469 #Also flexsurv reg is much slower than survreg
470 #Again, don’t use except maybe for generalized gamma
471 #See manual for possible solutions to convergence problem
472

473 #
474 ##Model Three: Logistic
475

476 summary(surv.three <− survreg(surv.data ˜ ln diff + ln diff ben +
477 school + school.stre + tsers + unc + comcol +
478 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
479 post09 rtwbegin + medicare + socsec any + nrtw,
480 data=data , dist=’logistic’))
481

482 #
483 #Model Four: Log Logistic
484

485 summary(surv.four <− survreg(surv.data ˜ ln diff + ln diff ben +
486 school + school.stre + tsers + unc + comcol +
487 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
488 post09 rtwbegin + medicare + socsec any + nrtw,
489 data=data , dist=’loglogistic’))
490

491 #
492 #Model Five: Log Normal
493

494 summary(surv.five <− survreg(surv.data ˜ ln diff + ln diff ben +
495 school + school.stre + tsers + unc + comcol +
496 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
497 post09 rtwbegin + medicare + socsec any + nrtw,



36

498 data=data , dist=’lognormal’))
499

500

501 #
502 #Model Six: Normal (Gaussian)
503

504 summary(surv.six <− survreg(surv.data ˜ ln diff + ln diff ben +
505 school + school.stre + tsers + unc + comcol +
506 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
507 post09 rtwbegin + medicare + socsec any + nrtw,
508 data=data , dist=’gaussian’))
509

510 ##
511 #Comparing model log−likelihoods to eliminate obvious misfits
512 #No need for Akaike Information Criterion here because same number of #variables
513

514 surv.one$loglik[2]
515 surv.two$loglik[2]
516 surv.three$loglik[2]
517 surv.four$loglik[2]
518 surv.five$loglik[2]
519 surv.six$loglik[2]
520

521

522

523 #All basically even except logistic and gaussian, which are worse
524

525

526

527

528 ##########################
529 #REGRESSIONS: Selection Round Two
530

531 #Given the graphs above, Weibull seems the best choice because
532 #1. Linear form of ln(−ln(S(T)), at least after ln(t)=1
533 #Regression output for Wiebull shows scale parameter is almost 1, but #significantly different from 1.
534 #That supports model that is NOT exponential, which would have scale=1.
535

536

537 #Now testing combinations of and functional forms of the explanatory #variables.
538

539 #
540 #Model Two.A: Weibull Original
541 #Note AIC uses only model log likelihood
542

543 summary(surv.twoa <− survreg(surv.data ˜ ln diff + ln diff ben +
544 school + school.stre + tsers + unc + comcol +
545 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
546 post09 rtwbegin + medicare + socsec any + nrtw,
547 data=data , dist=’weibull’))
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548

549 aic.a <− −2∗surv.twoa$loglik[2] + 2∗length(surv.twoa$coef)
550

551

552 #
553 #Model Two.B: With Age rtwend added
554

555 summary(surv.twob <− survreg(surv.data ˜ ln diff + ln diff ben +
556 school + school.stre + tsers + unc + comcol +
557 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
558 post09 rtwbegin + age rtwend + medicare + socsec any + nrtw,
559 data=data , dist=’weibull’))
560

561 aic.b <− −2∗surv.twob$loglik[2] + 2∗length(surv.twob$coef)
562

563

564

565 #
566 #Model Two.C: Same as b but with quadratic age added
567

568 summary(surv.twoc <− survreg(surv.data ˜ ln diff + ln diff ben +
569 school + school.stre + tsers + unc + comcol +
570 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
571 post09 rtwbegin + age rtwend + I(age rtwendˆ2) + medicare + socsec any + nrtw,
572 data=data , dist=’weibull’))
573

574 aic.c <− −2∗surv.twoc$loglik[2] + 2∗length(surv.twoc$coef)
575

576

577

578 #
579 #Model Two.D: Same as A but total earn and weekly benefit used instead #of logged ratios
580

581 summary(surv.twod <− survreg(surv.data ˜ I(.1∗real.earntotal) + ben rtw.weekly +
582 school + school.stre + tsers + unc + comcol +
583 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
584 post09 rtwbegin + medicare + socsec any + nrtw,
585 data=data , dist=’weibull’))
586

587 aic.d <− −2∗surv.twod$loglik[2] + 2∗length(surv.twod$coef)
588

589

590 #
591 #Model Two.E: Same as D but age at end added
592

593 summary(surv.twoe <− survreg(surv.data ˜ I(.1∗real.earntotal) + ben rtw.weekly +
594 school + school.stre + tsers + unc + comcol +
595 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
596 post09 rtwbegin + age rtwend + medicare + socsec any + nrtw,
597 data=data , dist=’weibull’))
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598

599 aic.e <− −2∗surv.twoe$loglik[2] + 2∗length(surv.twoe$coef)
600

601 #
602 #Model Two.F: Same as E but quadratic age at end added
603

604 summary(surv.twof <− survreg(surv.data ˜ I(.1∗real.earntotal) + ben rtw.weekly +
605 school + school.stre + tsers + unc + comcol +
606 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
607 post09 rtwbegin + age rtwend + I(age rtwendˆ2) + medicare + socsec any + nrtw,
608 data=data , dist=’weibull’))
609

610 aic.f <− −2∗surv.twof$loglik[2] + 2∗length(surv.twof$coef)
611

612

613 #
614 #Model Two.G: Same as F but with interaction of earnings, benefit, age #for school.stre
615

616 summary(surv.twog <− survreg(surv.data ˜ I(.1∗real.earntotal) + ben rtw.weekly +
617 school + school.stre + tsers + unc + comcol +
618 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
619 post09 rtwbegin + age rtwend + I(age rtwendˆ2) + medicare + socsec any + nrtw +
620 school.stre:I(.1∗real.earntotal) + school.stre:ben rtw.weekly +
621 school.stre:age rtwend,
622 data=data , dist=’weibull’))
623

624 aic.g <− −2∗surv.twog$loglik[2] + 2∗length(surv.twog$coef)
625

626

627

628

629

630 #
631 #Comparisons
632

633 #Note that you should only use AIC for non−nested models
634 #So can’t compare all models using AIC to each other
635

636 #AIC
637 aic.a ; aic.b ; aic.c ; aic.d ; aic.e; aic.f ; aic.g;
638

639 #F and G are smallest but not by a large amount, given the scale.
640

641

642

643

644

645

646

647 #
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648 #Coefficients
649

650 surv.twoa$coef ; surv.twob$coef ; surv.twoc$coef ; surv.twod$coef
651 surv.twoe$coef; surv.twof$coef ; surv.twog$coef
652 surv.four$coef
653

654 #
655 #Model Assessment
656

657 #Plotting plain and deviance residuals
658 #Helps identify outliers if residuals have large absolute value
659 #Otherwise should look like Normal(0,1) random variable
660

661

662 #PLotting over XB, the matrix of info multiplied by coefficients
663

664

665

666 #Plain residuals
667 resid.1 <− residuals(surv.twof, type=’response’)
668 plot(resid.1, data$rtwlen)
669 #One huge outlier
670 plot(resid.1, data$rtwlen, xlim = c(−1000,500))
671

672

673 #Random noise data for comparison
674 test <− rnorm(nrow(data),0,1)
675

676

677

678 #Deviance residuals over fitted for two.f
679 resid.2 <− residuals(surv.twof, type=’deviance’)
680 xb.f <− predict(surv.twof, data=data,type=’linear’)
681

682

683 par(mfrow=c(2,1), bg=’whitesmoke’)
684 plot(resid.2, xb.f, col=’steelblue4’,xlab=’’, ylab=’’)
685 title(main=’Deviance Residuals Plot, Weibull F’,font.main=10,cex.main=.9,
686 xlab=’’, ylab=’Characteristics and Effects (XB)’, font.lab=8)
687

688

689 plot(test, xb.f,xlab=’’, ylab=’’, col=’steelblue4’)
690 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
691 ylab=’Characteristics and Effects (XB)’, font.lab=8)
692

693 #Clearly an issue
694

695

696

697 #Deviance residuals over fitted for two.g
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698 resid.3 <− residuals(surv.twog, type=’deviance’)
699 fitted.g <− predict(surv.twog, type=’linear’)
700

701 par(mfrow=c(2,1), bg=’whitesmoke’)
702 plot(resid.3, fitted.g, col=’steelblue4’,xlab=’’, ylab=’’)
703 title(main=’Deviance Residuals Plot, Weibull G’,font.main=10,cex.main=.9,
704 xlab=’’, ylab=’Characteristics and Effects (XB)’, font.lab=8)
705 test <− rnorm(nrow(data),0,1)
706 plot(test, fitted.g,xlab=’’, ylab=’’, col=’steelblue4’)
707 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
708 ylab=’Characteristics and Effects (XB)’, font.lab=8)
709

710

711

712

713 #Deviance residuals over fitted for two.a
714 resid.4 <− residuals(surv.twoa, type=’deviance’)
715 fitted.a <− predict(surv.twoa, type=’linear’)
716

717 par(mfrow=c(2,1), bg=’whitesmoke’)
718 plot(resid.4, fitted.a, col=’steelblue4’,xlab=’’, ylab=’’)
719 title(main=’Deviance Residuals Plot, Weibull A’,font.main=10,cex.main=.9,
720 ylab=’Characteristics and Effects (XB)’, font.lab=8)
721

722 plot(test, fitted.a,xlab=’’, ylab=’’, col=’steelblue4’)
723 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
724 ylab=’Characteristics and Effects (XB)’, font.lab=8)
725

726 #IMPORTANT: Much more reasonable values here. A little skewed, but not #too bad.
727 #Functional form skewed left but looks better in general
728

729

730

731 #Deviance residuals over fitted for two.b
732 resid.5 <− residuals(surv.twob, type=’deviance’)
733 fitted.b <− predict(surv.twob, type=’linear’)
734

735 par(mfrow=c(2,1), bg=’whitesmoke’)
736 plot(resid.5, fitted.b, col=’steelblue4’,xlab=’’, ylab=’’)
737 title(main=’Deviance Residuals Plot, Weibull B’,font.main=10,cex.main=.9,
738 ylab=’Characteristics and Effects (XB)’, font.lab=8)
739

740 plot(test, fitted.b,xlab=’’, ylab=’’, col=’steelblue4’)
741 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
742 ylab=’Characteristics and Effects (XB)’, font.lab=8)
743

744 #Similar to model a.
745

746

747 #Deviance residuals over fitted for two.c
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748 resid.6 <− residuals(surv.twoc, type=’deviance’)
749 fitted.c <− predict(surv.twoc, type=’linear’)
750

751 par(mfrow=c(2,1), bg=’whitesmoke’)
752 plot(resid.6, fitted.c, col=’steelblue4’,xlab=’’, ylab=’’)
753 title(main=’Deviance Residuals Plot, Weibull C’,font.main=10,cex.main=.9,
754 ylab=’Characteristics and Effects (XB)’, font.lab=8)
755

756 plot(test, fitted.c,xlab=’’, ylab=’’, col=’steelblue4’)
757 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
758 ylab=’Characteristics and Effects (XB)’, font.lab=8)
759

760

761

762 #Deviance residuals over fitted for two.d
763 resid.7 <− residuals(surv.twod, type=’deviance’)
764 fitted.d <− predict(surv.twod, type=’linear’)
765

766 par(mfrow=c(2,1), bg=’whitesmoke’)
767 plot(resid.7, fitted.d, col=’steelblue4’,xlab=’’, ylab=’’)
768 title(main=’Deviance Residuals Plot, Weibull D’,font.main=10,cex.main=.9,
769 ylab=’Characteristics and Effects (XB)’, font.lab=8)
770

771 plot(test, fitted.d,xlab=’’, ylab=’’, col=’steelblue4’)
772 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
773 ylab=’Characteristics and Effects (XB)’, font.lab=8)
774

775 #Used unlogged benefit and earnings here, which also skewed #distribution of deviance residuals
776

777

778 #Deviance residuals over fitted for two.e
779 resid.8 <− residuals(surv.twoe, type=’deviance’)
780 fitted.e <− predict(surv.twoe, type=’linear’)
781

782 par(mfrow=c(2,1), bg=’whitesmoke’)
783 plot(resid.8, fitted.e, col=’steelblue4’,xlab=’’, ylab=’’)
784 title(main=’Deviance Residuals Plot, Weibull E’,font.main=10,cex.main=.9,
785 ylab=’Characteristics and Effects (XB)’, font.lab=8)
786

787 plot(test, fitted.e,xlab=’’, ylab=’’, col=’steelblue4’)
788 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
789 ylab=’Characteristics and Effects (XB)’, font.lab=8)
790

791 #Again, unlogged and non−standardized earnings and benefit variables #an issue
792

793

794 #Deviance residuals over fitted for log−logistic
795 resid.9 <− residuals(surv.four, type=’deviance’)
796 fitted.four <− predict(surv.four, type=’linear’)
797
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798 par(mfrow=c(2,1), bg=’whitesmoke’)
799 plot(resid.9, fitted.four, col=’steelblue4’,xlab=’’, ylab=’’)
800 title(main=’Deviance Residuals Plot, Log-Logistic’,font.main=10,cex.main=.9,
801 ylab=’Characteristics and Effects (XB)’, font.lab=8)
802

803 plot(test, fitted.four,xlab=’’, ylab=’’, col=’steelblue4’)
804 title(main=’Simulated Random Normal(0,1)’,font.main=10,cex.main=.9,
805 ylab=’Characteristics and Effects (XB)’, font.lab=8)
806

807

808

809

810

811

812

813

814 #
815 #Checking prediction calculation
816

817 fitted.auto <− predict(surv.twoa, type=’response’)
818

819 B <− matrix(surv.twoa$coef)
820

821 intercept <− rep(1, nrow(data))
822

823 temp <− data.frame( intercept, ln diff earn = data$ln diff,
824 ln diff ben = data$ln diff ben,
825 school = data$school, school.stre = data$school.stre,
826 tsers = data$tsers, unc = data$unc, comcol = data$comcol, sp500.lag1 = data$sp500.lag1,
827 priv gsp.B = data$priv gsp.B, gov gsp.B = data$gov gsp.B, rtwlag = data$rtwlag,
828 post09 rtwbegin = data$post09 rtwbegin, medicare = data$medicare, socsec any = data$socsec any,
829 nrtw = data$nrtw)
830 summary(temp)
831

832 X <− data.matrix(temp)
833 summary(X)
834

835 dim(B)[1]− dim(X)[2]
836

837 #Failure time modeled as ln(t) = XB + u for Weibull
838 #So predicted failure time is t = exp(XB)∗ln(u)ˆ1/p
839 #where u is the reciprocal of the quantile of survival probability.
840 #Cleves p 257, 280
841

842 #Note that Weibull shape parameter is inverse of R’s scale parameter.
843 #Kleinbaum p 653
844

845 p <− 1/surv.twoa$scale
846

847 #Predicting median survival times
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848 #Issues here with second term makes me hard code it
849 log(2)
850 surv.twoa$scale
851 fitted.manual.med <− exp(X%∗%B) ∗ (0.6931472ˆ0.936885)
852

853

854 summary(fitted.manual.med) ; summary(fitted.auto)
855 #Close, but not clear what R’s does. Possibly mean fitted value.
856

857

858 #Checking linear predictor definitions the same
859

860 linear.fitted.auto <− predict(surv.twoa, data=data,type=’linear’)
861 linear.fitted.manual <− X%∗%B
862 summary(linear.fitted.manual) ; summary(linear.fitted.auto)
863 #Yes
864

865

866

867 ########################
868 #Model fit using Cox−Snell Residuals
869 #For Weibull model one
870

871 #Creating Cox−snell residuals
872 #csnell = −log[S(t)] evaluated at the observed time t
873 #Stata reference streg postestimation
874 #note that S(t) includes baseline hazard as well as effect of #covariates
875 #Key is to know how R paramaterizes the rate, lambda
876 #Appear to do it for weibull the way Stata does it
877 #lambda = exp(−pXB) except p in R is given as 1/scale, where scale is #reported
878

879 p <− 1/surv.twoa$scale
880 cs.resid <− exp(−X%∗%B∗p)∗data$rtwlenˆp
881

882

883 #Now setting the residual as the time variable, with same event #variable
884 #See Cleves 214
885

886 cs.test <− Surv(cs.resid,event=data$quit.rtw,type=’right’)
887 cs.fit <− survfit(cs.test˜1)
888 summary(cs.fit)
889

890 #Then take nelson−aalen hazard of this new set
891 #Nelson−Aalen is just cumulative sum of events at time t / individuals #at risk at time t
892

893 H.na <− cumsum(cs.fit$n.event / cs.fit$n.risk)
894 summary(H.na)
895

896 length(H.na) ; length(cs.fit$time)
897
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898 #Plotting Cumulative hazard of residuals, which should be 45degree #angle line if good fit
899

900 par(mfrow=c(2,1),bg=’whitesmoke’)
901

902 plot(H.na,x=cs.fit$time, col=’wheat’,xlab=’’,ylab=’’)
903 abline(0,1,col=’grey25’)
904 title(main=’Goodness of Fit Test with Cox-Snell Residuals’,ylab=’Cumulative hazard of residuals’,
905 xlab=’Weibull A model Cox-Snell residuals’,font.main=10, cex.main=.9)
906

907

908 #Doing for log−logistic for comparison
909 #See Cleves p265
910 #Note that scale reported in R is 1/g given in Cleves
911

912 B.ll <− surv.four$coef
913

914 p <− surv.four$scale
915 cs.resid <− log(1 + (exp(−X%∗%B.ll)∗data$rtwlen)ˆ(1/p))
916

917 cs.test <− Surv(cs.resid,event=data$quit.rtw,type=’right’)
918 cs.fit <− survfit(cs.test˜1)
919 summary(cs.fit)
920

921 H.na <− cumsum(cs.fit$n.event / cs.fit$n.risk)
922 summary(H.na)
923

924 length(H.na) ; length(cs.fit$time)
925

926 #Plotting Cumulative hazard of residuals, which should be 45degree #angle line if good fit
927

928 plot(H.na,x=cs.fit$time, col=’wheat’,ylab=’’,xlab=’’)
929 abline(0,1,col=’grey25’)
930 title(ylab=’Cumulative hazard of residuals’,
931 xlab=’Log-logistic model Cox-Snell residuals’)
932

933

934

935 #
936 ##Testing sensitivity of weibull model A to
937 #Removing school:stre
938 #Limiting to those with work times of > 4 weeks
939

940

941 #
942 #NON−SCHOOL:STRE
943 data.test <− subset(data,school.stre==0)
944 summary(data.test)
945 sum(data$school.stre)
946 dim(data.test) − dim(data)
947 #Numbers should be the same
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948

949

950 surv.data.test <− Surv(data.test$rtwlen,event=data.test$quit.rtw,type=’right’)
951 summary(surv.data.test)
952

953 summary(surv.testa <− survreg(surv.data.test ˜ ln diff + ln diff ben +
954 school + tsers + unc + comcol +
955 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
956 post09 rtwbegin + medicare + socsec any + nrtw,
957 data=data.test , dist=’weibull’))
958

959

960 #
961 ##ONLY WORK > 4 WEEKS
962

963 data.test <− subset(data,data$rtwlen>4)
964 summary(data.test)
965 sum(data$rtwlen<=4)
966 dim(data.test) − dim(data)
967 #Numbers should be the same
968

969 surv.data.test <− Surv(data.test$rtwlen,event=data.test$quit.rtw,type=’right’)
970 summary(surv.data.test)
971

972 summary(surv.testb <− survreg(surv.data.test ˜ ln diff + ln diff ben +
973 school + school.stre + tsers + unc + comcol +
974 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
975 post09 rtwbegin + medicare + socsec any + nrtw,
976 data=data.test , dist=’weibull’))
977

978

979

980 ##
981 #Comparisons
982

983 #Coefficients and scale parameters
984

985 surv.twoa$coef ; surv.testa$coef ; surv.testb$coef
986

987 surv.twoa$scale ; surv.testa$scale ; surv.testb$scale
988

989

990

991

992 ##Acceleration factor results for weibull two A model
993 #For indicator covariates, acceleration factors are just exp(Bj) where #Bj is the coefficient on attribute j
994 #Remember acceleration factors are tied to particular survival #probabilities
995

996 ia <− data.frame(exp(surv.twoa$coef))
997 rownames(ia) <− c(’Intercept’,’ln diff +0.25’,’ln diff ben +0.25’,’school’,’school.stre’,
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998 ’tsers’,’unc’,’comcol’, ’sp500.lag1 +10’,’priv gsp.B +10’,’gov gsp.B +10’,’rtwlag + 1yr’,
999 ’post09 rtwbegin’,’medicare’,’socsec any’,’nrtw (control only)’)

1000

1001 ia["ln diff +0.25",1] <− exp(surv.twoa$coef[2]∗.223)
1002 ia["ln diff ben +0.25",1] <− exp(surv.twoa$coef[3]∗.223)
1003 ia["sp500.lag1 +10",1] <− exp(surv.twoa$coef[9]∗10)
1004 ia["priv gsp.B +10",1] <− exp(surv.twoa$coef[10]∗10)
1005 ia["gov gsp.B +10",1] <− exp(surv.twoa$coef[11]∗10)
1006 ia["rtwlag + 1yr",1] <− exp(surv.twoa$coef[12]∗52.17)
1007

1008 ia
1009

1010

1011 #
1012 #Ignore nrtw. It’s just a control and should be removed after getting #better data.
1013

1014

1015

1016

1017 ##
1018 #final check: Since TSERS factor a bit surprising, replacing TSERS #with LGERS in regression
1019

1020 summary(surv.testlgers <− survreg(surv.data ˜ ln diff + ln diff ben +
1021 school + school.stre + lgers + unc + comcol +
1022 sp500.lag1 + priv gsp.B + gov gsp.B + rtwlag +
1023 post09 rtwbegin + medicare + socsec any + nrtw,
1024 data=data , dist=’weibull’))
1025

1026 #Acceleration factor for LGERS is 2.32 relative to TSERS non−school, non−unc etc.
1027 #, consistent with previous result for tsers
1028

1029 #Printing results to Latex code using stargazer
1030

1031

1032 stargazer(surv.one)
1033 stargazer(surv.four)
1034 startgazer(surv.twoa)
1035 startgazer(surv.twoc)
1036 stargazer(surv.testa)
1037 stargazer(surv.testb)
1038 stargazer(surv.testlgers)
1039 write.table(ia, file=’accelfactors.csv’, row.names=T)
1040

1041

1042 ##
1043 ##Median predicted survival times (work length)
1044 #Not used in this analysis, but if needed for future reference
1045 #Setting up time
1046

1047 t <− seq(from=0, to=max(data$rtwlen),by=.5)
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1048

1049 #School and not stre, vs. not school
1050 #all else at zero or median except post−09 rtwbegin
1051

1052 x1 <− c(1,quantile(X[,"ln diff earn"],.5),quantile(X[,"ln diff ben"],.5),
1053 1,0,1,0,0,quantile(X[,"sp500.lag1"],.5),quantile(X[,"priv gsp.B"],.5),
1054 quantile(X[,"gov gsp.B"],.5),quantile(X[,"rtwlag"],.5),
1055 1,0,0,1)
1056

1057 x2 <− c(1,quantile(X[,"ln diff earn"],.5),quantile(X[,"ln diff ben"],.5),
1058 0,0,1,0,0,quantile(X[,"sp500.lag1"],.5),quantile(X[,"priv gsp.B"],.5),
1059 quantile(X[,"gov gsp.B"],.5),quantile(X[,"rtwlag"],.5),
1060 1,0,0,1)
1061

1062 length(x1)
1063 length(x2)
1064 length(B)
1065

1066 lambda <− exp(−p∗x1%∗%B)
1067 surv.fit.x1 <− exp(−lambda∗tˆp)
1068

1069 lambda <− exp(−p∗x2%∗%B)
1070 surv.fit.x2 <− exp(−lambda∗tˆp)
1071

1072 plot(surv.fit.x1, x=t, type=’l’)
1073 lines(surv.fit.x2)
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Data Cleaning and Modification

1

2 #Return to Work data cleaning code
3

4 #Packages
5 #Need lubridate for year function below
6 library(lubridate)
7 #Need editrules package for final check.
8 #Could probably use editrules to automate some of the things I did manually
9 library("editrules")

10

11

12

13 ##########################################
14 #Data importation and setting correct data classes
15 setwd("C:/Users/ret0269/Desktop/R Files")
16 data <− read.csv("Rtwcleandata.csv", header=TRUE,stringsAsFactors=FALSE)
17

18 head(data)
19 summary(data)
20 class(data)
21 dim(data)
22 sapply(data, class)
23

24

25 #Formatting dates and creating new variables to house
26

27 head(data[,"date"])
28 bdate <− as.Date(data[,"date"],format = ’%m/%d/%Y’)
29

30 head(data[,"BA EFFECTIVE DATE"])
31 retdate <− as.Date(data[,"BA EFFECTIVE DATE"],format = ’%m/%d/%Y’)
32

33 head(data[,"LATEST BENEFIT DATE USED"])
34 bendate latest <− as.Date(data[,"LATEST BENEFIT DATE USED"],format = ’%m/%d/%Y’)
35

36 head(data[,"INITIAL BENEFIT DATE USED"])
37 bendate initial <− as.Date(data[,"INITIAL BENEFIT DATE USED"],format = ’%m/%d/%Y’)
38

39 #2 fail to parse: NULL in original data
40

41 head(data[,"RTW BEGIN BENEFIT DATE USED"])
42 bendate rtw <− as.Date(data[,"RTW BEGIN BENEFIT DATE USED"],format = ’%m/%d/%Y’)
43

44 #357 fail to parse: NULL in original data
45

46 head(data[,"RTW Begin"])
47 rtw begin <− as.Date(data[,"RTW Begin"],format = ’%m/%d/%Y’)
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48

49 head(data[,"RTW end"])
50 rtw end <− as.Date(data[,"RTW end"],format = ’%m/%d/%Y’)
51

52

53 #Checking that classes worked
54 class(rtw begin)
55 class(retdate)
56

57

58

59 ##Formatting factor variables
60

61 head(data[,"CD RETIREMENT PLAN CODE"])
62 system <− as.factor(data[,"CD RETIREMENT PLAN CODE"])
63 summary(system)
64

65 ##Creating length of time variables in weeks.
66 #Differences in days are not very meaningful because the exact date #corresponds to the end of a pay period, which might be a couple of #weeks off the actual end date.
67 #Should not need more than base R for this
68

69 #First need to set max end date to Dec. 31, 2013 rather than NA.
70 #Just for descriptive statistics and for calculating average earnings
71 #Won’t affect survival analysis because it will use an indicator for #active
72

73 summary(rtw end[is.na(rtw end)])
74 summary(data[,"Active.As.of.Jan.2014"][is.na(rtw end)])
75 sum(data[,"Active.As.of.Jan.2014"])
76 #Good. Number of actives matches number of NA end dates. All NA end #dates are actives.
77

78 maxend <− as.Date(’2013-12-31’)
79 maxend
80 head(rtw end)
81

82 rtw end[is.na(rtw end)] <− maxend
83 summary(rtw end)
84

85

86 #Checking that differences in days match those in weeks
87 rtwlen <− rtw end − rtw begin
88 head(rtwlen)
89 rtwlen <− difftime(rtw end,rtw begin,units=’weeks’)
90 head(rtwlen)
91 rtwlag <− difftime(rtw begin, retdate, units=’weeks’)
92

93 #Converting to numeric data for use in least−squares regression and #plots.
94 #Survival analysis package creates its own time data format and won’t #use this
95 rtwlen <− as.numeric(rtwlen)
96 rtwlag <− as.numeric(rtwlag)
97 summary(rtwlen)
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98 summary(rtwlag)
99

100

101 #Clear errors in rtwlen and lag that are negative. Come back to this.
102 #Consider exploring as.yearmon function in zoo package, library(”zoo”)
103 #Good for plotting start and end dates in months, for example
104 #library(zoo)
105 #rtw endmo <− as.yearmon(rtw end)
106 #rtw beginmo <− as.yearmon(rtw begin)
107 #rtw retmo <− as.yearmon(retdate)
108

109

110

111 head(data[,"LATEST BENEFIT AMOUNT"])
112 benefit latest <− as.numeric(data[,"LATEST BENEFIT AMOUNT"])
113

114 head(data[,"INITIAL BENEFIT AMOUNT"])
115 benefit init <− as.numeric(data[,"INITIAL BENEFIT AMOUNT"])
116

117 head(data[,"RTW BEGIN BENEFIT AMOUNT"])
118 benefit rtw <− as.numeric(data[,"RTW BEGIN BENEFIT AMOUNT"])
119

120 summary(benefit rtw) ; summary(benefit init) ; summary(benefit latest)
121 #Again shows 359 problematic observations, as with benefit dates.
122

123 head(data[,"X2013.Earnings"])
124 earn2013 <− matrix(as.numeric(data[,"X2013.Earnings"]))
125

126 head(data[,"X2012.Earnings"])
127 earn2012 <− matrix(as.numeric(data[,"X2012.Earnings"]))
128

129 head(data[,"X2011.Earnings"])
130 earn2011 <− matrix(as.numeric(data[,"X2011.Earnings"]))
131

132 head(data[,"X2010.Earnings"])
133 earn2010 <− matrix(as.numeric(data[,"X2010.Earnings"]))
134

135 head(data[,"X2009.Earnings"])
136 earn2009 <− matrix(as.numeric(data[,"X2009.Earnings"]))
137

138 head(data[,"X2008.Earnings"])
139 earn2008 <− matrix(as.numeric(data[,"X2008.Earnings"]))
140

141 head(data[,"X2007.Earnings"])
142 earn2007 <− matrix(as.numeric(data[,"X2007.Earnings"]))
143

144 summary(earn2007) ; summary(earn2008) ; summary(earn2009) ; summary(earn2010) ;summary(earn2011) ; summary(earn2012); summary(earn2013)
145 #NAs in years where there were no earnings
146

147 #Checking



51

148 is.numeric(earn2007)
149 is.numeric(benefit latest)
150

151

152 #Converting NA to zero because that is what they mean: zero earnings #in the year. Allows for summing total earnings
153

154 earn2007[is.na(earn2007)]<−0 ; earn2008[is.na(earn2008)]<−0
155 earn2009[is.na(earn2009)]<−0 ; earn2010[is.na(earn2010)]<−0
156 earn2011[is.na(earn2011)]<−0 ; earn2012[is.na(earn2012)]<−0
157 earn2013[is.na(earn2013)]<−0
158

159 summary(earn2007) ; summary(earn2008) ; summary(earn2009) ; summary(earn2010) ;summary(earn2011) ; summary(earn2012); summary(earn2013)
160 #Worked
161

162

163

164 #############################
165 #Adding economic variables and creating real dollar figures, in 2013 #dollars using US GDP deflator.
166 #Uses seasonally adjusted figure from St. Louis Fed economic database
167 econdata <− read.csv("rtw econ data.csv",header=TRUE)
168 summary(econdata[,4])
169

170 #Note: GDP implicit price deflators to 1995 from St. Louis Fed #database, in 2010 base year seasonally adjusted
171

172 real.earn07 <− earn2007∗econdata[dim(econdata)[1]−6,4]
173 real.earn08 <− earn2008∗econdata[dim(econdata)[1]−5,4]
174 real.earn09 <− earn2009∗econdata[dim(econdata)[1]−4,4]
175 real.earn10 <− earn2010∗econdata[dim(econdata)[1]−3,4]
176 real.earn11 <− earn2011∗econdata[dim(econdata)[1]−1,4]
177 real.earn12 <− earn2012∗econdata[dim(econdata)[1]−1,4]
178 real.earn13 <− earn2013∗econdata[dim(econdata)[1],4]
179

180 real.earnings <− cbind(real.earn07,real.earn08,real.earn09,real.earn10,real.earn11,real.earn12,real.earn13)
181

182 summary(real.earnings)
183 #Zeros should not be there and are likely errors, since the code was #supposed to pull individuals with pay checks classed as STRS, STRE #LOCRS
184 #Cutting them means I think those who earned nothing did not work in #retirement.
185 #One explanation for zeros would be that employers are reporting #volunteers
186 #but report zero income. That seems unlikely.
187

188 real.earntotal <− rowSums(real.earnings)
189 length(real.earntotal[real.earntotal==0])
190

191

192 ###########################
193 #Part two: clearing out errors, transforming data for analysis
194

195 #Empty vectors to fill with data
196 afc.real <− rep(NA,nrow(data))
197 ben latest.real <− rep(NA,nrow(data))
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198 ben rtw.real <− rep(NA,nrow(data))
199 ben init.real <− rep(NA,nrow(data))
200 priv gsp.real <− rep(NA,nrow(data))
201 gov gsp.real <− rep(NA,nrow(data))
202 medicare <− rep(NA,nrow(data))
203 socsec any <− rep(NA,nrow(data))
204 avgearn <− rep(NA,nrow(data))
205 ln avgearn <− rep(NA,nrow(data))
206 ln afc <− rep(NA,nrow(data))
207 ln ben rtw <− rep(NA,nrow(data))
208 ln ben latest <− rep(NA,nrow(data))
209 age rtwbegin <− rep(NA,nrow(data))
210 age rtwend <− rep(NA,nrow(data))
211 post09 rtwend <− rep(NA,nrow(data))
212 post09 rtwbegin <− rep(NA,nrow(data))
213

214

215 #Putting only the things I need in a new data frame
216

217 temp <− data.frame( id = data$Arbitrary.ID,
218 rtw begin, rtw end,rtwlen, rtwlag,
219 bdate,retdate,benefit latest,bendate latest,ben latest.real,
220 benefit rtw,bendate rtw,ben rtw.real,
221 benefit init,bendate initial,ben init.real,
222 system, afc = data$AVERAGE FINAL COMPENSATION,afc.real,real.earntotal,
223 unc = data$UNC,school = data$School, comcol = data$CommColl,
224 active = data$Active.As.of.Jan.2014,
225 nrtw = data$Person.nth.RTW,
226 priv gsp.real,gov gsp.real,
227 medicare,socsec any,avgearn,ln avgearn,
228 ln afc, ln ben rtw, ln ben latest,age rtwbegin,age rtwend,post09 rtwend,
229 post09 rtwbegin,
230 real.earntotal)
231

232 dim(temp)
233 sapply(temp, class)
234

235 #If it looks good, place temp into X
236

237 X <− temp
238

239 summary(X[,"system"][is.na(X[,c("bendate initial","bendate rtw")])])
240 summary(X[,"school"][is.na(X[,c("bendate initial","bendate rtw")])])
241 summary(X[,"afc"][is.na(X[,c("bendate initial","bendate rtw")])])
242

243 #The 359 observations without a benefit date for RTW or initial RTW #date should be removed.
244 #Not positive what the issue is. Will follow up. But they have no #system, no afc.
245 #The two with no initial benefit amount have those. Small number of #total observations and so less risk of biasing final sample.
246

247 ##Removing observations for which bendate rtw or initial were NA
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248

249 noNA.X <− X[order(X[,"bendate rtw"],na.last=FALSE),]
250 noNA.X <− noNA.X[358:dim(noNA.X)[1],]
251 noNA.X <− noNA.X[order(noNA.X[,"bendate initial"],na.last=FALSE),]
252 head(noNA.X)
253 dim(noNA.X)[1]−dim(X)[1]
254

255

256 #Putting back into data frame
257 X <− noNA.X
258 head(X)
259 summary(X)
260

261

262

263 #Also must remove observations for which rtw begin date is less than #2007.
264 #Data before 2007 represent pre−orbit years and are erratic. All are #STRE class.
265 #There is definitely a better way to do this but it works
266 #Could create column of rtwbegin year first using rtw begin #year(as.Date()), then use subset with dataframe
267

268 noNA.X <− X[order(year(as.Date(X[,"rtw begin"])),na.last=FALSE),]
269 head(year(as.Date(noNA.X[,"rtw begin"])))
270

271 list(year(as.Date(noNA.X[,"rtw begin"])))
272

273 noNA.X <− noNA.X[3180:dim(noNA.X)[1],]
274 head(year(as.Date(noNA.X[,"rtw begin"])))
275

276 dim(noNA.X)[1]−dim(X)[1]
277

278 #Putting back into data frame
279 X <− noNA.X
280 head(X)
281 summary(X)
282

283

284 #2013 Dollar Value Conversions
285 ##Converting nominal dollar amounts using real values, in 2013 dollars
286 #Need lubridate package for year() function
287

288 summary(econdata)
289 head(econdata)
290 #Testing that this calls the correct values for deflation and afc
291 econdata[,4][econdata[,1]==1997]
292 head(X[,"afc"])
293 head(as.Date(X[,"retdate"]))
294 head(X[,"afc"][year(as.Date(X[,"retdate"]))==2000])
295 #First observation in last line should match first in first line, which has 2000 retdate
296

297
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298 for(i in 1955:2013){
299

300 X[,"afc.real"][year(as.Date(X[,"retdate"]))== i] <− econdata[,4][econdata[,1]==i]∗X[,"afc"][year(as.Date(X[,"retdate"]))==i]
301 }
302

303 summary(X[,"afc.real"])
304 summary(X[,"afc"])
305 summary(as.Date(X[,"retdate"]))
306

307 #One NA from retdate in 2014, which will be ignored anyway since #analysis period is 2007−13
308 #Summary makes sense
309 #Check that it worked by taking the first five observations from afc
310 #and multiplying manually by corresponding deflation factor for year #of retdate
311 #Works
312

313

314 #Converting benefit amounts to real values using same method
315

316

317 for(i in 1955:2013){
318

319 X[,"ben latest.real"][year(as.Date(X[,"bendate latest"]))== i] <− econdata[,4][econdata[,1]==i]∗X[,"benefit latest"][year(as.Date(X[,"bendate latest"]))==i]
320

321 X[,"ben rtw.real"][year(as.Date(X[,"bendate rtw"]))== i] <− econdata[,4][econdata[,1]==i]∗X[,"benefit rtw"][year(as.Date(X[,"bendate rtw"]))==i]
322

323 X[,"ben init.real"][year(as.Date(X[,"bendate initial"]))== i] <− econdata[,4][econdata[,1]==i]∗X[,"benefit init"][year(as.Date(X[,"bendate initial"]))==i]
324 }
325

326

327

328 summary(X[,"ben rtw.real"])
329 summary(X[,"benefit rtw"])
330

331 summary(X[,"ben init.real"])
332 summary(X[,"benefit init"])
333

334 summary(year(as.Date(X[,"bendate latest"])))
335 summary(X[,"ben latest.real"])
336 summary(X[,"benefit latest"])
337

338

339 #NAs in benefit latest.real are for those who have benefit amounts #drawn in 2014.
340 #NAs are not from NA dates but from having no inflation factor in the #econ data for 2014
341 #Not errors, just a product of the date when benefits were drawn
342 #discounting them manually using BEA assumed rate of inflation from #2013−14 of 0.019
343 #$2014 = $2013 /(1+.019)
344

345 X[,"ben latest.real"][is.na(X[,"ben latest.real"])] <− X[,"benefit latest"][is.na(X[,"ben latest.real"])]/(1.019)
346 summary(X[,"ben latest.real"])
347
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348 summary(X)
349

350 #Filling vectors with real GSP for private and gov from corresponding #year of RTW begin
351 #Note that GSP figures are tied to rtw begin year
352

353 for(i in 2007:2013){
354

355 X[,"priv gsp.real"][year(as.Date(X[,"rtw begin"]))== i] <− econdata[,7][econdata[,1]==i]
356

357 X[,"gov gsp.real"][year(as.Date(X[,"rtw begin"]))== i] <− econdata[,8][econdata[,1]==i]
358

359 }
360

361 summary(X[,"priv gsp.real"])
362 summary(econdata[,7])
363

364 summary(X[,"gov gsp.real"])
365 summary(econdata[,8])
366

367 ##Creating age variables for rtw begin and end
368 #Note: Using weeks divided by average number of weeks in a year, #exactly,
369 #is better than subtracting the years between dates because it is more #accurate.
370 #Dividing weeks difference by 52 isn’t quite right because there #aren’t exactly 52 weeks in a year, there are 52.1775 on average.
371

372 head(as.Date(X[,"bdate"]))
373 head(as.Date(X[,"rtw begin"]))
374

375 X[,"age rtwbegin"] <− as.numeric(difftime(as.Date(X[,"rtw begin"]),as.Date(X[,"bdate"]),units=’weeks’))/52.1775
376 summary(X[,"age rtwbegin"])
377 is.numeric(X[,"age rtwbegin"])
378 head(X[,"age rtwbegin"])
379

380 test <− year(as.Date(X[,"rtw begin"])) − year(as.Date(X[,"bdate"]))
381 head(test)
382

383 head(as.Date(X[,"bdate"]))
384 head(as.Date(X[,"rtw end"]))
385

386 X[,"age rtwend"] <− as.numeric(difftime(as.Date(X[,"rtw end"]),as.Date(X[,"bdate"]),units=’weeks’))/52.1775
387 summary(X[,"age rtwend"])
388 is.numeric(X[,"age rtwend"])
389 head(X[,"age rtwend"])
390

391 ##IMPORTANT
392 #Be careful not to use both ages in a regression with rtwlen. They are #perfect linear combinations of each other.
393

394

395

396 ##Creating indicators for Medicare and Social security eligibility
397 #Note: tied to begin year
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398 #Also note that age of eligibility for Medicare is also age of #eligibility for full social security
399 summary(X)
400

401 X[,"medicare"][X[,"age rtwbegin"]>=65]<−1
402 X[,"medicare"][X[,"age rtwbegin"]<65]<−0
403 head(X[,"medicare"])
404 summary(X[,"medicare"])
405

406 X[,"socsec any"][X[,"age rtwbegin"]>=62]<−1
407 X[,"socsec any"][X[,"age rtwbegin"]<62]<−0
408 head(X[,"socsec any"])
409 summary(X[,"socsec any"])
410

411 #Setting those to integers to reflect binary data
412

413 temp <− as.integer(X[,"socsec any"])
414 class(temp)
415 length(temp)
416 X[,"socsec any"] <− temp
417

418 temp <− as.integer(X[,"medicare"])
419 class(temp)
420 length(temp)
421 X[,"medicare"] <− temp
422

423 summary(X)
424

425

426

427 ##Creating indicator for post−09 rtw end and begin, since that’s the #year after which STRE no longer allowed
428

429 X[,"post09 rtwend"][year(as.Date(X[,"rtw end"]))>=2010]<−1
430 X[,"post09 rtwend"][year(as.Date(X[,"rtw end"]))<2010]<−0
431 head(X[,"post09 rtwend"])
432 summary(X[,"post09 rtwend"])
433

434 X[,"post09 rtwbegin"][year(as.Date(X[,"rtw begin"]))>=2010]<−1
435 X[,"post09 rtwbegin"][year(as.Date(X[,"rtw begin"]))<2010]<−0
436 head(X[,"post09 rtwbegin"])
437 summary(X[,"post09 rtwbegin"])
438

439 ##Removing individuals with rtwlen and rtwlag 0 week or less. Not #possible and likely clerical error.
440 #Few observations anyway
441

442 summary(X[,"rtwlen"]==0)
443 summary(X[,"rtwlen"]<0)
444 summary(X[,"rtwlag"]==0)
445 summary(X[,"rtwlag"]<0)
446

447
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448 temp <− subset(X,rtwlag > 0 & rtwlen > 0)
449 dim(temp)−dim(X)
450

451

452 X <− temp
453 dim(X)
454 summary(X)
455

456

457 ##Creating average earnings in RTW
458 #Remember, these are average weekly earnings because rtwlen is in weeks
459

460 X$avgearn <− X$real.earntotal / X$rtwlen
461 summary(X[,"avgearn"])
462

463 ##Removing those with AFC==0 since that’s an error.
464

465 summary(X$afc<=0)
466 list(X$system[X$afc<=0])
467 summary(X$avgearn[X$afc<=0])
468 summary(X$school[X$afc<=0])
469 summary(X$system[X$afc<=0])
470

471 temp <− subset(X,afc > 0)
472 dim(temp)−dim(X)
473 #275 have afc at zero or less
474

475 X <− temp
476 dim(X)
477

478 ####IMPORTANT
479 #Dropping zeroed earnings. Many removed because of other cleaning, #which suggests they are errors.
480 #Could be volunteers but that seems unlikely. Otherwise, they must be #errors.
481 #257 removed because of zero average earnings.
482

483 temp <− subset(X,real.earntotal>0)
484 dim(temp)−dim(X)
485 X <− temp
486

487 ##Logged variables
488

489 X$ln afc <− log(X$afc)
490 X$ln ben rtw <− log(X$ben rtw)
491 X$ln ben latest <− log(X$ben latest)
492 X$ln avgearn <− log(X$avgearn)
493

494 summary(X)
495

496

497 #Creating difference in earnings variable



58

498 #Remember these are all in real terms
499

500 diff earn <− X$afc − (X$avgearn∗52.1775)
501

502 temp <− cbind(X,diff earn)
503 dim(temp)
504

505 X <− temp
506

507 summary(X$diff earn)
508 summary(X$diff earn==0)
509

510

511 list(X$diff earn[X$avgearn>30000])
512 list(X$id[X$avgearn>30000])
513 list(X$school[X$avgearn>30000])
514 list(X$afc[X$avgearn>30000])
515 list(X$unc[X$avgearn>30000])
516 list(as.Date(X$rtw begin)[X$avgearn>30000])
517 list(X$id[X$avgearn>30000])
518 list(X$id[X$avgearn>10000])
519

520

521 #A few huge outliers.
522 #One of them is very likely to be an error, the one with a rtw begin #date on Dec. 30, 2013
523 #How can a person earn more than $30,000 in retirement from one day’s #work?
524

525 #Removing that one likely error
526 #Consider removing the others after looking into it further
527

528 temp <− subset(X, id !=308344713)
529 dim(temp)−dim(X)
530

531 X <− temp
532

533 #Trying another way to measure this, which doesn’t require multiplying #by number of weeks
534 #Taking log of the absolute difference between avg weekly earnings and #afc
535

536 ln abs diff earn <− log(abs(X$afc − X$avgearn))
537 summary(ln abs diff earn)
538

539 #Putting in data frame
540

541 temp <− cbind(X, ln abs diff earn)
542 summary(temp)
543

544 X <− temp
545

546

547 ##Creating dummy variables for different systems
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548

549 lgers <− rep(NA,nrow(X))
550 tsers <− rep(NA,nrow(X))
551 stre <− rep(NA,nrow(X))
552

553 temp <− cbind(X,lgers,tsers,stre)
554 dim(temp)
555 X <− temp
556

557 X$lgers[X[,"system"]=="LOCRS"]<−1
558 X$lgers[X[,"system"]!="LOCRS"]<−0
559 summary(X$lgers)
560

561 X$stre[X[,"system"]=="STRE"]<−1
562 X$stre[X[,"system"]!="STRE"]<−0
563 summary(X$stre)
564 sum(X$stre)
565

566 X$tsers[X[,"system"]=="STRS"]<−1
567 X$tsers[X[,"system"]!="STRS"]<−0
568 summary(X$tsers)
569 sum(X$tsers)
570

571 #Creating S&P 500 index lagged explanatory variable
572

573 sp500.lag1 <− rep(NA,nrow(X))
574

575 temp <− cbind(X, sp500.lag1)
576 dim(temp) − dim(X)
577

578 X <− temp
579

580 for(i in 2007:2013){
581

582 X[,"sp500.lag1"][year(as.Date(X[,"rtw begin"]))== i] <− econdata[,12][econdata[,1]==i]
583

584 }
585

586 summary(X[,"sp500.lag1"])
587 summary(econdata)
588

589

590

591 #Doing final check with certain rules
592

593

594 #Creating quick set of editing rules to test potential issues
595

596 E <− editset(c("rtw begin < rtw end", "bdate < retdate",
597 "retdate <= bendate initial", "real.earntotal > 0",
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598 "age rtwend > age rtwbegin"))
599

600 summary(violatedEdits(E, X))
601 #Should have zero errors and zero NA
602

603 #Check that class types are what they should be
604 sapply(X, class)
605

606 #####Creating new variables with large ones smaller units to better #display results
607

608 #Gsp figures in billions of $2013 dollars instead of millions
609 priv gsp.B <− X$priv gsp.real / 1000
610 gov gsp.B <− X$gov gsp.real / 1000
611

612 #Earnings and benefit figures (non−logged) in thousands instead of single dollars
613 ben rtw000s <− X$ben rtw.real / 1000
614 ben latest000s <− X$ben latest.real / 1000
615 ben init000s <− X$ben init.real / 1000
616 afc000s <− X$afc.real / 1000
617

618

619 #AFC in weekly equivalent
620 #Note that it’s not perfect because afc includes non−wage benefits
621 #AFC is an average of the annual compensation of the last four years #before retirement
622

623 afc.weekly <− X$afc.real / 52
624 summary(afc.weekly)
625 ln afc.weekly <− log(afc.weekly)
626 summary(ln afc.weekly)
627

628 #Monthly benefit in weekly approximation
629

630 ben rtw.weekly <− X$ben rtw.real / (30.5/7)
631 summary(ben rtw.weekly)
632 ln ben rtw.weekly <− log(ben rtw.weekly)
633 summary(ln ben rtw.weekly)
634

635

636

637 ######
638 #Saving only the data I need here either for OLS or survival analysis
639

640 names(X)
641 temp <− data.frame(X[,c("id","real.earntotal","rtwlen","rtwlag","unc","school","comcol",
642 "active", "nrtw","medicare",
643 "socsec any","avgearn", "ln avgearn","ln afc", "ln ben rtw","ln ben latest",
644 "age rtwbegin","age rtwend", "post09 rtwend","post09 rtwbegin", "system", "diff earn", "ln abs diff earn",
645 "lgers", "tsers", "stre","sp500.lag1")], priv gsp.B,gov gsp.B,
646 ben rtw000s,ben latest000s, ben init000s,afc.weekly,
647 ln afc.weekly, ben rtw.weekly, ln ben rtw.weekly)
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648

649 summary(temp)
650

651 X <− temp
652

653 ######
654 #Saving data into file ready for analysis
655

656 write.table(X,file = "RTW data analysis-ready.csv", sep = ",")
657

658 #Checking that it worked
659

660 test <− read.csv("RTW data analysis-ready.csv", header=TRUE, stringsAsFactors=FALSE)
661 summary(test)
662

663 dim(test)−dim(X)
664

665 sapply(test,class)
666 head(test$rtw end)
667

668

669 #NOTE: When using dates, you’ll have to convert them into date format #using as.Date.
670 #Other non−string variables are good to go.


