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BLT 7» SLT 22 %Z/RL £9,

PV ITNT =Ry bPEZXyvR—-FLT, NEZHEZRELE T,
use https://www.stata-press.com/data/ri17/lung, clear
describe * , short

Variable Storage Display Value
name type format label Variable label
agep byte %10.0g Patient age (years)
bmip double ¥%10.0g Patient body mass index
diabetesp byte %12.0g lbdiab Patient diabetes status
heightp double %10.0g Patient height (cm)
o2amt double ¥%10.0g Oxygen delivered
karn byte %8.0g lbyes Karnofsky score > 60
lungals double ¥%10.0g Lung allocation score
racep byte %8.0g lbrace Patient race
sexp byte %8.0g lbsex Patient gender
lifesvent byte %8.0g lbyes Life support ventilator needed
assisvent byte %8.0g lbyes Assisted ventilation needed
centervol double %10.0g Center volume
walkdist double %10.0g Walking distance in 6 minutes
o2rest byte %8.0g lbyes Oxygen needed at rest
aged byte %10.0g Donor age (years)
raced byte %8.0g lbrace Donor race
bmid double ¥%10.0g Donor body mass index
smoked byte %8.0g lbyes Donor if has history of smoking
cmv byte %8.0g lbyes Positive cytomegalovirus test
deathcause byte %8.0g 1lbyes Cause of death - traumatic brain injury
diabetesd byte %12.0g 1lbdiab Donor diabetes status
expandd byte %8.0g 1lbyes Expanded donor needed
heightd double %10.0g Donor height (cm)
sexd byte %8 .08 lbsex Donor gender
distd int %10.0g Donor to treatment center distance
lungpo2 double %10.0g Lung P02
lungalloc byte %8.0g lballo Lung allocation status
hratio double %10.0g Height ratio
ischemict double ¥%10.0g Ischemic time
genderm byte %19.0g lbgm Matching gender status
racem byte %17 .0g lbrm Matching race status
transtype byte %8.0g lbtau Lung transplant type
fevlp double ¥%10.0g Percentage of predicted value of FEV1
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Macro's contents
Macro # Vars  Description
System
$vlcategorical 18 categorical variables
$vlcontinuous 13 continuous variables
$vluncertain 2 perhaps continuous, perhaps categorical variables
$vlother ) all missing or constant variables
Notes

1. Review contents of vlcategorical and vlcontinuous to ensure they are correct. Type vl list vlcategorical and type
vl list vlcontinuous.

2. If there are any variables in vluncertain, you can reallocate them to vlcategorical, vlcontinuous, or vlother. Type
vl list vluncertain.

3. Use vl move to move variables among classifications. For example, type vl move (x50 x88) vlcontinuous to move variables x50
and x80 to the continuous classification.

4. vlnames are global macros. Type the vlname without the leading dollar sign ($) when using vl commands. Example:
vlcategorical not $vlcategorical. Type the dollar sign with other Stata commands to get a varlist.
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X, $cvars IZIZT v b L (fevip) ZER L T RCOMEGAKBE T4, $fvars (ZTULE
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$allvars ZfH L % 3

vl create cvars = vlcontinuous - (fevlp)
vl create fvars = vlcategorical - (transtype)
vl sub allvars = c.cvars i.fvars c.cvars#i.fvars
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| telasso (fevlp $allvars) (transtype $allvars)

Estimating lasso for outcome fevlp if transtype = @ using plugin method ...
Estimating lasso for outcome fevlp if transtype = 1 using plugin method ...
Estimating lasso for treatment transtype using plugin method ...

Estimating ATE ...

Treatment-effects lasso estimation Number of observations = 937
Outcome model: linear Number of controls = 454
Treatment model: logit Number of selected controls = 8
Robust
fevlp | Coefficient std. err. z P>|z| [95% conf. interval]
ATE
transtype
(BLT vs SLT) 37.51841 .1606703 233.51 0.000 37.20351 37.83332
POmean
transtype
SLT 46.4938 .2021582 229.99 0.000 46.09757 46.89002

TRTOEED BLT 2R 25ED fevip 13, TRTOEED SLT #FEIR L 7285
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| lassoinfo

Estimate: active

Command: telasso

No. of

Selection selected

Variable Model method lambda variables
fevlp

transt~e ~0 linear plugin .2239121 5

transt~e ~1 linear plugin .1986153 6

transtype logit plugin .0748279 3
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lassocoef (.,
for(transtype))

for(fevlp) tlevel(Q)) (.,

for(fevlp) tlevel(1l)) (.,

fevip(0) fevip(1l)

transtype

heightp
centervol
walkdist
lungpo2

diabetesdi#c.lungpo2
0

diabetesp#c.walkdist
0

assisvent#c.walkdist
0

ischemict
_cons

X X X X

X X X X

Legend:
b - base level
e - empty cell
o - omitted
x - estimated
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Estimating lasso for outcome fevlp if transtype = © using BIC ...
Estimating lasso for outcome fevlp if transtype = 1 using BIC ...
Estimating lasso for treatment transtype using BIC ...

Estimating ATE ...

Treatment-effects lasso estimation Number of observations = 937
OQutcome model: linear Number of controls = 454
Treatment model: logit Number of selected controls = 18
Robust
fevlp | Coefficient std. err. z P>|z| [95% conf. interval]
ATE
transtype
(BLT vs SLT) 37.54872 .2222001 168.99 0.000 37.11322 37.98423
POmean
transtype
SLT 46.44739 .2282797 203.47 0.000 45.99997 46.89481
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Treatment-effects lasso estimation Number of observations = 937
Outcome model: linear Number of controls = 454
Treatment model: logit Number of selected controls = 8
Robust
fevlp | Coefficient std. err. z P>|z| [95% conf. interval]
ATET
transtype
(BLT vs SLT) 35.78157 .1831478 195.37 0.000 35.42261 36.14053
POmean
transtype
SLT 43.35214 1.268976 34.16 0.000 40.86499 45.83929
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use https://www.stata-press.com/data/rl7/assets, clear

mkspline _bincome 5 = income

mkspline _bage 5 = age

mkspline _beduc 5 = educ

EREINTZIEAT 74 vEBEZGd T2 TRz B TET T, IUA, Fili, &
BOEEBICH LT, 5 DOEHDBPERINTHE L 23br ) T,

| describe _b* |

Variable Storage Display Value

name type format label Variable label
_bincomel float %9.0g income: (.,48424.8)
_bincome2 float %9.0g income: (48424.8,96849.6)
_bincome3 float %9.0g income: (96849.60000000001,145274.4)
_bincome4 float %9.0g income: (145274.4,193699.2)
_bincome5 float %9.eg income: (193699.2,.)
_bagel float %9.0g age: (.,32.8)
_bage2 float %9.0g age: (32.8,40.6)
_bage3 float %9.0g age: (40.59999999999999,48.4)
_bage4 float %9.0g age: (48.39999999999998,56.2)
_bage5 float  %9.e0g age: (56.19999999999997,.)
_beduc1 float %9.0g educ: (.,4.4)
_beduc2 float %9.eg educ: (4.4,7.8)
_beduc3 float %9.0g educ: (7.800000000000001,11.2)
_beduc4 float %9.0g educ: (11.2,14.6)
_beduc5 float %9.0g educ: (14.6,.)

xic, 7 3Y KR (pension, married, BXW ira) b ERKINEZRT T4 VEK
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ER

global vars c.(_b*) i.(pension married ira)
global controls $vars ($vars)#($vars)
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Estimating lasso for outcome assets if e401k = @ using plugin method ...
Estimating lasso for outcome assets if e401k = 1 using plugin method ...
Estimating lasso for treatment e4@01k using plugin method ...

Estimating ATE ...

Treatment-effects lasso estimation Number of observations = 9,913
Outcome model: linear Number of controls = 243
Treatment model: logit Number of selected controls = 26
Robust
assets | Coefficient std. err. z P>|z| [95% conf. interval]
ATE
e401k
(Eligible vs Not eligible) 7850.285 1092.952 7.18 0.000 5708.139 9992.431
POmean
e401k
Not eligible 13893.49  785.1038 17.70 ©.000 12354.72 15432.27
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Covariate balance summary

Raw Weighted
Number of obs = 9,913 9,913.0
Treated obs = 3,682 4,887.2
Control obs = 6,231 5,025.8
Standardized differences Variance ratio
Raw Weighted Raw Weighted
_bincomel .750948 .0482659 .7243709 .8794933
pension
No pension -.5207834 -.0116358 1.610504 1.011534
_bincomel#
_bagel .7577255 .0468209 .7530602 .8881179
_bincomel#
_beduc3 .7181144 .0477066 .7563269 .8856304
pension#
married
No pension#N~d -.4875712 -.0248925 .5221977 .9721957
Receives pen~d .2649014 .0040213 1.729845 1.008399
pension#
ira
No pension#No -.5387541 -.0201817 1.070546 1.004432
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Balance plot
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BIC plot for assets
Cross-fitting fold: 1, Resample: 1
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Coefficient paths for assets
Cross-fitting fold: 1, Resample: 1
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