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E(ylz) = f(z)
Hoit, f(x) MR RARMAY, EH BT,
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el 2 il
E(yilzi = z) = m(z)
2R3 /> i R AL, PR J5) 38 X TR) R d /s ik AT Tl . R IR B R TR DA A% 0 AR
o | | , Nonparametric mean function estimate and data
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1. A FIRIE BAS EE A ¥ 58 — BT ik 39 A% ek 402
2. AHE I 2 AW (B — G e e 45 7 5 2
BEHCE X (1) [k(w)du = 15 (2) k(w) = k(—u) ; 3) [u?k(u)du > 0.

AR AR
Epanechnikov (parabolic) k(u) = %(1 —u?)1(Ju| < 1)
biweight k(u) = 10(1 — u?)1(ju| < 1)
triangle k(u) = (1 = |u[)1(Ju] < 1)
rectangle (uniform) k(u) = %1(|u| <1)
cosine k(u) = Feos(mu/2)1(Ju| < 1)
gaussian k(u) = ﬁexf’(—lﬁ/z)
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T K & Epanechenikov. triweightf1GaussiantZ LK »

Epanechnikov
Gaussian
Triweight

RAHHE

kernel

Nadaraya-Watsonffiit&: 7EXA Mz b, E(y|z; = o) MR

m(z) = mmz )’ K, (2, ).
4a =m(z), MK
722 —a)Kp(z;,2) =0
(Gl

N Zyth .’132,13
m\xT ~ -, 1415 .
(@) = g o) => uA
— i EWFR AR ERE £ (local constant) LSt

— I A TR

. N9 ._
Far =ty g (250
A LAy 78 s i) H B L, )
yi = m(zi) +wi = m(z) + ui.

W] MLk el (Taylor—B @HF)

yi = m(zi) +ui = m(z) + (2 — 2)B(z) + wi
%a=m(z),b=B(z), W4

yi=a+b(z; — ) + v

JRFBLS Al v iR MR ZE T A

mmz i —a— (z; — 2)b)2 K (z;, ).

—fHi BN REHLME (local linear) LSt

Fefeisty, TTUAMCE S RIT, FROARERZ BILS . RITRIB Hosms, Ahihro 228/, (HE SR,
M, A RAZEp RIT. e, ZPFEh ey fia b, BB, R4 Rz —pria el

[ Rt
RGeS e I U AUE, B IR SR 3k T e (X X IEYE, cross-validation)
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L HAL I

ZHAZIE (cross-validation) 7752 Al % by a5 /M B b e 55

LSCV(h) = [y — mi(z:)]>.

i=1

RAHHE

H, th_; B Nleave-one-outfliit-tit, BIEXLIN (FaMI4s/a 13 5 ffti it k.
hEA AT ERYTR, TR B R )7 iE . Ein, Powell (2009)fIBOBY QA i%flINelder-Mead 5425, #5AN7 Bit- 55— S5k
SRR R % S TER R E—HEHERBIE (R, ..., hy)d, REKAETLCSV(R), #MELCSV (h)HRAHh.
13 B
HA] LU EVE (AIB, Hurvich, Simonoff, and Tsai, 1998) i&F L E 5% -
PrifE 2= B A X [A]
MR LEMER W EAEE, y = 2B + ufE bz &E (RIOLSTMIME) A,
Yo = mO[:}'

IR LR AR AL (1) 2 S A T By o (bR HE 22 70 B A5 X JH) o
AN R B b HE
Fexf (2% (paired bootstrap)

1. tw; = (4, s )ATAEHOAIRE, 4 (yF, ) NI B3 REA

2. (IS ARFEALE Se Lt m(x), BRm(c)]. ER, KRG S5 R KT S0 ZUR R — 5.

3. WEBH()-R) R, @510 (z)], (D)5, ..., a(x)s). M5 () 1 E bR 2 LA X
B2 H % (residual bootstrap)
By =y — m(xi), ©XU = Ui — U

1, ST R, Ry = a(e) + 0 (yF, @) IR 1R

2. Wk ARFEARLE S it m(z), B8Im(c);. R, KRGS E BRI SO U — 8

3. HB()2) RK, BEI(R(e)E, ()L, ..., (e)h). HETTH i () 2 bR 2 o L (5 X ).
1778 H 2% (wild bootstrap)
A0 =y — m(xi), EXU = U — e

1. bu BATH TR AL AEE (Mammen, 1993)

o {ﬂi(l —/5/2~ —0.61804, with prob. (1 ++/5)/(2v/5) ~ 0.7236
" l@(1++/5/2~1.61804,  with prob. (v/5 —1)/(2v/5) ~ 0.2764

Ay = m(ms) + 0", (Y7, x) NEFER HEREA.
Bl & I Rademacher /i filikF,

_ ) —u;, withprob. 0.5
U =9 -
¢ Uj, with prob. 0.5

2. EFIEFER E R FEATE S B itm(e), 3 8im(z)!.
R, XRS5 R REAR AL T R AR
3. EEBE)-(2) Rk, BEI(m(x)],m(a)s,....,m(x)R). MM (x) 0 E 2 bEZ R EE X,

H 28 S HEA AR IORRHE . 7T DL U R E 28 K AR B 28 S B I B 28 2 IR T LUK . R LR, B R
AEFEE, ROZEIE 2 0.
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npregress kernel [depvar] [indep], estimator() kernel() dkernel() predict() vce() reps() imaic

I B

BlF

estimator()

constant, 1inear(BRi\kIR)

estimator(linear)

kernel() LR B % R AL kernel(gaussian)
dkernel() BB ENES, B4 liracine, cellmean dkernel(liracin)
predict() WHEA SR =L predict(mean deriv, replace)
vce() o7z 5 77, BHE: none, boostrap vce(none)
reps () SRV reps(200)
imaic B IEIAIC imaic
. use dui, clear o . .
(Fictional data on monthly drunk driving citations)
. npregress kernel citations fines
Computing mean function
Minimizing cross-validation function:
Iteration O: Cross-validation criterion = 35.478784
Iteration 1: Cross-validation criterion = 4.0147129
Iteration 2: Cross-validation criterion = 4.0104176
Iteration 3: Cross-validation criterion = 4.0104176
Iteration 4: Cross-validation criterion = 4.0104176
Iteration 5: Cross-validation criterion = 4.0104176
Iteration 6: Cross-validation criterion = 4.0104006
Computing optimal derivative bandwidth
Iteration O: Cross-validation criterion = 6.1648059
Iteration 1: Cross-validation criterion = 4.3597488
Iteration 2: Cross-validation criterion = 4.3597488
Iteration 3: Cross-validation criterion = 4.3597488
Iteration 4: Cross-validation criterion = 4.3597488
Iteration 5: Cross-validation criterion = 4.3597488
Iteration 6: Cross-validation criterion = 4.3595842
Iteration 7: Cross-validation criterion = 4.3594713
Iteration 8: Cross-validation criterion = 4.3594713
Bandwidth
| Mean Effect
fines T .5631079 .924924
Local-Tinear regression Number of obs = 500
Kernel : epanechnikov E(Kernel obs) = 282
Bandwidth: cross validation R-squared = 0.4380
citations Estimate
Mean
citations 22.33999
Effect
fines -7.692388
Note: Effect estimates are averages of derivatives.
Note: You may compute standard errors using vce(bootstrap) or reps().

. npgraph
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Mean function of citations
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80
L
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RAHHE

60
1 1

Number of monthly drunk driving citations
20 40
1

0
1

T T T T T T
7 8 9 10 1 12
Drunk driving fines in thousands of dollars

Local-linear estimates
kernel = epanechnikov bandwidth = .563108

B 8 A (A

SHOE(y|x)/Oxitfliit &, HOE(y|x)dx. StatalzhEM M4 2574, _Mean_depfl_d_Mean_dep.
des *_*, fullnames

XA ARG AT EWE LB npregressiikiipredi cti & &4 K.

npregress kernel citations fines, predict(mean deriv) nolog

H#FfEnpregressz)a, iEidpredi ctiA .

predict deriv, deriv
summ deriv )
scatter deriv fines

TR ILERER .

@ °*
00’ °°
3 e®"®
£ o
= o ®
§O ® 1
S o
.
= °
3
=
B |
BN
2
g °
8' J
% ;3 SIB 1|0 1|1 1|2
Drunk driving fines in thousands of dollars
21 b R
StataBRIANATHEAG THRE A2 . B EARHERE M BE X, BEreps O BERE. EABIFESHER, Wilidseed O BE ML A BT

18 -

npregress kernel citations fines, reps(50) seed(123)
npregress kernel citations fines, reps(50) seed(123) predict(mean deriv, replace)
summ mean deriv

FERR AL e A . BB AR R AR R E, Foo T 88, AR Statalf) K 74551 . k&R,

npregress kernel citations fines i.taxes i.csize i.college, nolog reps(100) seed(12)
predict deriv*, deriv
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8/17/2019 A2 H6tE 5 1 Stata M
summ deriv¥

FIffimarginsit ERENSE TR, Hin, mRTIeIm15%, BAWERIKTRS? KRN

. margins, at(fines=generate(fines*1.15)) reps(50) seed(12)
(running margins on estimation sample)

Boot?trap rep]jcations (?0)

f 1 f 2 f 3 f 4 { 5
.................................................. 50
Adjusted predictions Number of obs = 500
Replications = 50
Expression : mean function, predict(
at : fines = fines*1.15
Observed Bootstrap Percentile
Margin std. Err. z P>|z]| [95% conf. Interval]
_cons 12.60535 .7873202 16.01 0.000 10.67344 14.09854

KSR 15%, MAWERBHZELD?
. margins, at(fines=generate(fines)) at(fines=generate(fines*1.15)) contrast(atcontrast(r) nowald) reps(50) seed(12)
(running margins on estimation sample)
Boot?trap rep1jcations (?O)
1 i 2 |

.................................................. 50
Contrasts of predictive margins

Number of obs = 500
Replications = 50
Expression : mean function, predict()
1._at : fines = fines
2._at : fines = fines*1.15
Observed Bootstrap Percentile
Contrast  Std. Err. [95% conf. Interval]
_at
(2 vs 1) -9.734647 .7014967 -11.05981 -7.979817

B A T A A108 I EI11, A48 2 R (R KT

margins, at(fines=10) at(fines=11) reps(50) seed(12)
AT A10BINEN, AW E AR S B2 AR

margins, at(fines=10) at(fines=11) contrast(atcontrast(r) nowald) reps(50) seed(12)
o A AR R A R AL LR E 1, T e M0RINEI1, IR AT E ALK L :

margins, at(fines=10 taxes=1 csize=2 college=1) ///
at(fines=11 taxes=1 csize=2 college=1) reps(50) seed(12)

margins, at(fines=10 taxes=1 csize=2 college=1l) ///
at(fines=11 taxes=1 csize=2 college=1) ///
contrast(atcontrast(r) nowald) reps(50) seed(12)

E A A R A E AL E 1, T e N8B INEN2, AW ELEAZA?

margins, at(fines=(8(0.5)12) taxes=1 csize=2 college=1) reps(50) seed(12)
marginsplot

margins, at(fines=(8(0.5)12) taxes=1 csize=2 college=1) contrast(atcontrast(ar)) reps(50) seed(12)
marginsplot, yline(0)

MHBRAHBRYR? = 0.72, ESHEMINR2EHFI0.8. — MRS, BB S BT DUE i il & 50E, (B 5 RN
- |y g -
BT VL 5E for B
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KU SRR (R AREE) R 4. UZma hgl.

FEBE: E(y|lz) =zp. ##BE: E(ylz) = m(z).

n RAHHE
SSRy = (yi — zp)?

i=1

n

SSRup = 3 (s — 1in(x:))?

i=1
Mgt
| _ S8R, S5R,,
" SSR,,
I I p L3 BF 28 1 26 5
1. FESAREA BT,
2. BB LT
3. W@ RK, p=R'YL 1(J > Ju).
TR 26 BB B AT R 6
GRR: RYEBY (SR . BRI SRR,

T2 /Fnpbstest.adoit FA MR IR 2O AL AES BUA MR ZE 5, LA HZ A%,  TilfE47EStatah #47 B 2, H28IRE
950, F %45 R RAF fEnpbs.dtaCfFH .

. set seed 123456

. bo?%strap F = r(F), reps(300) saving(npbs, replace): npbstest citation fines i.taxes 1i.csize
i.college
(running npbstest on estimation sample)

warning: Because npbstest is not an estimation command or does not set e(sample), bootstrap has no
way to determine which observations are used in calculating the

statistics and so assumes that all observations are used. This means that no observations
will be excluded from the resampling because of missing values or

other reasons.

If the assumption is not true, press Break, save the data, and drop the observations that
are to be excluded. Be sure that the dataset in memory contains only
the relevant data.

Bootstrap replications (300)
== 1 == 2 mm—4—-= 3 ———m—— 4 ———4--- 5

.................................................. 50
.................................................. 100
.................................................. 150
.................................................. 200
.................................................. 250
.................................................. 300
Bootstrap results Number of obs = 500
Replications = 300
command: npbstest citation fines i.taxes i.csize i.college
F: r(F)
[ Observed Bootstrap Normal-based
| Coef. std. Err. z P>|z]| [95% conf. Interval]
_____________ S
F | 208.9938 82.47544 2.53  0.011 47.34487 370.6427

FEARRI IR 227 J7 22 93987.7, HZHrE22N1302.8. (EHHH I 240 T+ EXT R RN R B0, Bk, Hegiit EMpEAA R BATH EH.
FTIFFTRAE I B 243 fEnpbs, ARG TR, Gt B KT E G- R, WP(J, > 3987.7).

. use npbs, clear
(bootstrap: npbstest)

. count if F>208.994
230

. dis r(N)/_N
.76666667
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H %472 npbstest.ado 4L T . I

capture prog drop npbstest

program npbstest, rclass KB #H®
syntax varlist(ts fv) [if] [in]

marksample touse

qui reg “varlist' if "touse'

Tocal rssp = e(rss)

ereturn clear

qui npregress kernel “varlist' if "touse'
tempvar res

qui predict "res' if e(sample), residual
qui summ "res'

Tocal sigsq = r(var)

Tocal rssnp = r(var)*(r(N)-1)

ereturn clear

regurn scalar F = ('rssp'-"rssnp')/ sigsq'
en

AT

FeaAh T 54 2% pR AL

JFHIT7: (series method) 77¥2:/& FI F W AR 2 (1 s BRI AR AR S, X R B0RR 2 N EEAEKEL (basis function). Atk 2R I8 2 AN K30k
LA KN RREL, 5 UL SR iR B S 2 TR B B 4% bR BRI B 4% R 31055 .

WyMBIE R R

E(yi|z;) = m(;).
J B (0 SR R B T A

E(yilz:) = 2(w:)B.

Horbt, () IR RGN SRR (STREH. HRRANB-RAERD . 42 = 2(x:). FolfHEEIOLS it B

B =(2'2)(Z"y).
LR RECE T W — MRS, T = (21,...,21), —HEBRA
z2(z) = (z1,...,2k)
ZBir 2 B AIE B 2 WA T A B,
z2(z) = (21, ..., Zp; af:f, s, af:i; T1Tay .-y T 1Tk)-
WIRSRAE, = 2 BRSO IR A B =K
B2 BER A ERungeILR, BT 2 WX B B0 A B R AR UL & 0 .

]
L.{'). -
o 4
|

I T T T T T

-1 =5 0 B 1

%
o dafa m— s {xf—order polynomial

m—— {onth-order polyniomial
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Runge¥iL % I

fEFIX — 1] 1 LU AU I T v P P REAR BR B, DY Bk 2 R B . BARER R & 7 2 R RSO BR B B, EDAEAS R B9 X ) F AN R
gﬂigiﬁﬂéwﬁ, {BANIR] (X ) (4 25 T3 PR B JE A 1 . R R X TR I e e s (knot) o FEZR SR BRI 30— KB £ 10 s et R A5 B RANK
} gk = o

2% B BUT B

EEIE T, oiE RS N2 FIXE, & FXIBWAFMES R (knot) o FANXRERAAE MK £ B4, AR X2 5EE
SR REIESE . AR, B SRR XA AKX, B R (<t <...<t7) .

z\%%%%?gﬁ FER R R AR LR YARME R R, EARR LW REMTT, FOIRR R BN R S X AT, AN XA EA 7
A -

; AR, AR E] X ] ) 2 WA 4 AR SR Y SEHE—2F, N T AL ar B TE P, el B AN () X 0 ) 2 T e 4 i Ak i 452 L mT
G2

than, N Bz miat

Y- {ao—l—awi—i—aw?—l—agm?—i—ei, z; < c
Bo + Prxi + Bzl + Paxd + €, m >c

Fin s B WAL tdn, AU AR a0t NIGNPZEAT 2> BLlnl )9

sysuse Tifeexp, clear
twoway (scatter Texp gnppc) (1fit Texp gnppc if gnppc<5000) (1fit Texp gnppc if gnppc>=5000) ,
Tegend(off)

65

60

55
1

T T T T
0 10000 20000 30000 40000
GNP per capita

4B A
FER AL
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EAREA R BHR EAR: (1) LHEMSBEZHARELESN; (20 FAX—MSEEESN. M SHRESN. 2 — %%
FRAHR N =1 FE4% (cubic spline)

2 b5 B B HO . KN

Jayto(z—t), z<t
m@y’{£+ﬂ&w—ﬂ, x>t

8/17/2019 SRt 5715 StataS I I

BHN By = Bolit, m(z)RESH, KBRS A:
m(z) = By + Brz + Ba(x — t)1(z > t).
BB TN, BRI BT XU

Vi = min(z, t)
Vo = max(z,t) — t

BRI, B ES ARy

B . _ _ ) Bot+ Bz T <t
y = By + Bimin(z,t) + fy(max(z,t) —t) + u = {ﬂo+ﬁ1t+52(m—t) x>t
BEBANE R, ..., ty), RTEREEHREU—RE X

Vi = min(z,t1)
Vi = max(min(a:,t,'),ti,l) —tio1,1=2,..., K
Vi1 = max(z,tx) — tx

e CRINSE S(#1, #2, ...), Statak SRR &R E4E 4

mksp1ine newvar-1#1 [newvar-2 #2 ...] newvar-k = oldvar [if] [in] , [displayknots]
FERAEIX A /775, Statads R VERE Sk R ALKIHE 409

mksp1ine stubname # = oldvar [if] [in] , [displayknots]

W O, Statafl A TERE S BB TR 29

mksp1ine stubname # = oldvar [if] [in] , [pctile displayknots]

tean, AT . v T BERESKI G R, TATE R & R AL

mkspline x1 5000 x2 = gnppc // spline function given one knot
reg lTexp x1 x2

predict yf

twoway (scatter Tlexp gnppc) (line yf gnppc , sort(gnppc))

L= IR 2 R EON B .

gt a(z—t)+a(z—t)? z<t
) = {ﬁff Bula—t)+ fala— 1P, a3t

M H Moo = folf, m(z)fie = LRIESN, Yoo = Bt BUH I SEULESR. MBI
m(z) = fo + Pz + Bz’ + B3(x — t)*1(z > t).
el FUATHESE I SHOM — W S A4 B KR BT LA
m(z) = Bo + Brz + Bz’ + B3z’ + Ba(z — t)*1(z > t).

— Mt B KAG (6, t, - -, i) IPMTRE SRS
P K

m(z) = Z Biz’ + Z’Yk(w —t)P1(z > ).
j=0 k=1

GBI, WHAED, WS, S, b, . . t) TTRUERET KA MM, S s s R (K + 1) AKX,
H AR 2% R 2L

HAAFEZR 2L (natural spline) 22 ATIEIRE S bR BLAE SR — DS U2 HIDNENE, fEfa — DM RZaNEYE, T RIEX R =R 2 5. B
SRIE % R BT LAAS B3 s I SE RS E IO T e SRR S5 SR B IR B A2 20 R IR = IR S5 B K (resstricted cubic spline) o

Stata’f i F 2S5 BB 2
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mksp1ine stubname = oldvar [if] [in] [weight] , cubic [nknots(#) knots(numlist) displayknots]

8/17/2019 SRt 5715 StataS I I

SN EE D 2. Tt knots O HEWE S A, siFi@idnknots ORES SN, StataE shiEHEHarrell (2001, 2348 417 $4

WEL N, BERWT. RER#&
« K=3:10, 50, 90
o K=4:5, 35, 65,95
o K=5:5,275,50,72.5, 95
e K=6:5,23,41,59, 77,95
o K=7:2.5,18.33, 34.17, 50, 65.83, 81.67, 97.5

i nknots O wEL AL, 4R ELEN T3, 71211,
DA 25 5 451 o

use dui, clear

mkspline spfines 5 = fines, pctile displayknots

des spfines*

reg citations spfinesl-spfines5 i.taxes i.csize i.college

Tlabel var spfinesl "fines: (0,9.2)"
Tabel var spfines2 "fines: (9.2,9.6)"
Tabel var spfines3 "fines: (9

Tlabel var spfines4 "fines: (10.2,10.6)"
Tabel var spfines5 "fines: (10.6
coefplot , keep(sp*)

=R R EE U
Bo + Brz; + Bzl + B3al, z; <t

7 2 3 3

+ Bix; + Boxs + Bz + T, —t1)°, ti<z; <t

E(y;|z;) = o +ﬁ1$i+ﬂ2$? +,33$?+ E B3 max(z; _tj’o)s = Po+ Brai + Bow + fowi + Pali — 1) ! e
—

£ . ...
Bo + Bixi + Box? + Baxi + Br(wi — t7), tr < w;
B-FF 2k BRI AL

AR 2% PR B AE T SRR R T A, B 2% R U3 i A AN X 1R) A Bl bRy I A2 S iR 13X — k. BRE Sk PR £l de Boor(1978)71

Ziegler(1969)# i .
TE B ARFE S SR BUIIB-FE S B R, TR AR 5 % TR LA [0, 1 IX ) AR 6

1
(% — Tmin) —————
Tmax — Lmin

X 2R R, MR E (basis function) RGN ERMEMALHZ X, thin, WAEE((z,2)), BLERMKB DR

(z, 2,22, 22, 2%, 2222, ... ¥, 2F xk2F).

A2 T B B I N
m(z,2) = g1(z) + g2(2)-
Stata™] LLi#idnointe ractib i & 7 18 i s A 48 .

U RHE AR B DL MR UM BB oy, R4 Statarh B as s (O i3

npregress series, options

bsplinedi#bspline(#) B-FES& R

splineE#Fspline(#) SRS FEEA

polynomialei#polynomial (#) ZIAEE

asis(varlist) L, RIAHUT AR

nointeract(varlist) N6 &

criterion() i He ik BARvE, A3%cv. gov. aic. bickimallows
knots (#) FF 5% bR B B - 2 bR B 2 A B

. use dui, clear
(Fictional data on monthly drunk driving citations)

. npregress series citations fines

Computing approximating function
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8/17/2019 ez 45 %5 Stata M
Minimizing cross-validation criterion

Iteration 0: Cross-validation criterion = 55.15697
Iteration 1: Cross-validation criterion = 55.11413
Computing average derivatives Zi E ﬂ &
Cubic B-spline estimation Number of obs = 500
Criterion: cross validation Number of knots = 3
Robust
citations Effect std. Err. z P>|z]| [95% conf. Interval]
fines -8.020769 .464836 -17.26  0.000 -8.931831  -7.109707

Note: Effect estimates are averages of derivatives.
npregress seriesHzhA MR R E,

FEZEE

use vote, clear

global xs "female edu Tninc married urban han 1i.prov"

qui probit vote cult age $xs , vce(robust)

est store probitl

qui probit vote cult age c.age#c.age c.age#c.age#c.age $xs , vce(robust)

est store probit2

mkspline spage 3 = age, pctile displayknots

qui probit vote cult spage* $xs , vce(robust)

est store probit3

mkspline agel 20 age2 30 age3 40 age5 60 age6 = age, displayknots

qui probit vote cult age? $xs , vce(robust)

est store probit4

est table probitl probit2 probit3 probit4, star(.1 .05 .01) eq(l) ///
keep(cult female edu 1ninc married urban han) stat(N aic bic)

I R 3 5 FREE T TR A LA o

S _| Subset Selection
T Lasso
Least Squares
£
= Generalized Additive Models
5] rees
o
S
£
Bagging, Boosting
= Support Vector Machines
£
T T
Low High

Flesability
tradeoff between intepretability and flexibility
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