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FIREAAGSHTAN D LELE (XL ERXRARFEE) ZAXANEART TR, HANLEABY
AR rFacAS AL, M C AT LA R, — AN 89 P BK K

BEXTAEESATINERESAN, AAZABLCMNORIE, IXTRBEIHERATE, ¥ HOR
e A K REAF %1+ +E (Pearson Chi—-Square) Feflfktb%4i+=% (Likelihood Ratio) .
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1.2 5| EXR PN ESLITE

T LeXTe, BFRAATFTATENENA T ERRTREREE, OFFpMAXRH. JFKAX
Z %, Cramer’ s VA% A& %,

C —
X*+n

_ X’
V= \/n X min[(r — 1), (¢ — 1)]

STFHERFTE, RBEREETWNARTEREFTAL TN PG —F T R —B A, TREXLUT 4L
e RkEAEARRF TR FREMEE K] : gammatiit = Ff+Kendal | &t =,

B
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1.3 {1 table S £ A B %K

table P 47 VA T AR — 43| %2 409 7| Be k., kP R A, 49 WagImd, L A a4 &
TR AR LT E,

-

* option contents() not allowed since Stata 17 in command "table"
* option format() not allowed since Stata 17 in command "table"
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A auto.dta & Stata A 44 B a7 09 X T1978-F 1A F T 90 — AN AL, ZEBEF LA TINNME, 12
MNEE, TEHERFENA: mkeLFHAEES, RALZT B; ARHYAMMEALTE, priceRAF
WM (B L) , mpgATH E42 (ZE) |, rep/8ELEZFE B LE, foreignT BT = (JKAA1
KEBEBIZ, 0/KEE &) , headroom. trunk. length. turn. displacement. gear ratiofR XX %
AEAIRETR KD, BEAEE K. FRK, H#TFE, Sz TRI,
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(1) 1% F tableép &A1 X Trep78099Mdk &k, & %X T TmpgdI WMAENE ., F3HH. inEEF Pz

e N

table rep78, statistic(n mpg) statistic(mean mpg) statistic(sd mpg) statistic(median mpg)
tabstat mpg, by(rep78) statistics(count mean sd median)

- J

(2) 4% ] tabledp 54 3E % T foreignforep7869 —4i 2 4%, H &% P B Tmpgdy-F33.,

table foreign rep78, statistic(mean mpg)
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& Bl — AN K T K 698 Z 4% E vyssinl.dta. HABEFTHENUWMEAXKET —EA, T EprobAiZEAMR
Bf K GBEER | smokes ERE R L RMEMTET F, race2 X TAERAAOANEMNT &, workplace;}é’c
BRIV RELEFRX P N=K (1ARY, 3ARS) , sexAWA (IKREFH) . RXBENT

Zpop, HTEAZIMMAGAARG K Z, tbde, pop=3, N Z"RAHLEH A+ AHINALFR ZIMN {ﬁﬁfv}%rﬁ

MR EEXNHIFEET, poptI BAALA0E]507 N3, H P OBLEH X A ALFTANR B 77 12 LM AR BT 48 7= 69
PR, 507 5L B A 507 AR B B AR 69 M R o
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(1) A2 —/-%X Tworkplace. smokes#rracefy =4 7|55 % ,

table workplace smokes race [fweight=pop], statistic(mean prob) nformat(%9.3f)

(2) €13F—A~% Fworkplace. smokes. racefosexf9v9 4 7|5 % ,

-

table workplace smokes race sex [fweight=pop], statistic(mean prob) nformat(%9.3f)
table (sex workplace) (race smokes) [fweight=pop], statistic(mean prob) nformat(%9.3f)

* RRARAE RRALSRINT AR50
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1.4 {£ A tabulate ¢4 1 THBR R OHT

tabulate ﬁ’]*‘éﬁél’\é\i%}ﬂ %iﬁ@ﬁfﬁ%ﬁ%"gﬁiﬁg‘
tabulate — 4 538 — A NELE G /2 T A tabl, EHETUAARSZNTE, REStatase W HEANT
T E—f A, LAY T % KIMAT tabulate 7 4o
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1¢ ] auto.dtaF 3E €] Erep784=foreignty — 43N 4 k& .

( N\

sysuse auto,clear
tabulate rep78,sort
tabulate rep78

tabulate foreign,nolabel
tabulate foreign

tabl rep78 foreign

tabl rep78 foreign, sort

tabl rep78 foreign, nolabel

tabl rep78 foreign, sort nolabel
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Gt 3 H ok EAUR PV HT 7 2 AT i 18] /- 31 kA

ZZf tabulate P SR A R R AR, TATHE SR IBEAERATERMXNEAITE, OFF
J #JPearson's chi—squared. |ikelihood-ratio chi—squared. Cram 's V. Goodman and Kruskal's

gamma. Kendall's tau-b

] tabulate 89 — 4 R A& —4F, —Yitabulates LA tab2, 7 F THRAWRIT T 29T A 7T R 09 — 2%
F A
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workp lace # 2| BX 5 #7 o

R _EHUR 2153 B 18] 7 37|

A X T K a9 H I byssinl.dta kR ERF K MEERZ G E, TEHMT AR ELIANT 22204

sk 2 (LR, BR-FTIR, N2 ZAR X F89) AP 4 A *F probcat #2 smokes VA % probcat A=

-

sort prob

gen probcat=group(5)

tabulate probcat smokes [fw=pop], chi2
tabulate probcat smokes [fw=pop], all
tabulate probcat workplace [fw=pop], chi2
tabulate probcat workplace [fw=pop], all
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Il 5

stF L EATP R RAS, Fk XA BRI RIE, 7T AL H tabi AP B 69 Bk 2 AT

TARILETI925F4A158 £ R TS5 LR, REMNAAE R @5, RN AEZ R ELT
A& RIKo

ME FA XA FE XK Bt

*£74 332 318 29 27 706
T 1360 104 35 18 1517

it 1692 422 64 45 2223

tabi 332 318 29 27\ 1360 104 35 18, all




2. HE0HT



%ot 5 % =k EAR P B AT 7 =T Bt 1] /3 3] R 5] AL

2.1 FESHT

ENMARETH AT 23 EARARTRT RO T, CRABLITRARE MR SMHHEFTHE
%X‘U-%‘éé},‘%xaaf‘%,mﬁﬂ“h gt B EAYE F AR, AmIR—AF R AT R

Ho:py=pg == i
Hy:pa, po, -, ppe N EHE
SST = SSA+ SSE
SST =SSR+ SSC + SSE

MSA  SSA/(k—1)
MSE ~ SSE/(n— k)

F = ~ F(k—1,n—k)

(750
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2.2 BRRAEZLH

YRETEPHA TR ZAFERGHERLGTHR, TR BANKBIRANESHS)H, LA MR
7 £, AMMEIRG,

SIEFHFE T E AT A A oneway A7 longway o
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KepAfE Rk dtak B TWardA=Ault (1990) s AR KF A8 WHERE, K Pyear KA KT FA,
gender &M A, drink i —/33B Ak k& A HBME FAL K, gpakEF o4 5%, belongk T
ALRARKFARKIEZEHES N, employed A & LI, I RKRFAERBITAFHREAELSRAAZGH L
R BT EAL
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iR A

oneway drink employed
/ *
Analysis of variance

Source SS df MS F Prob > F
Between groups 273.74774 1 273.74774 6.19 0.0136
Within groups 10574.7336 239  44.2457472

Total 10848.4813 240  45.2020055
Bartlett's equal-variances test: chi2(1l) = ©0.0683 Prob>chi2 = 0.794
*/
oneway drink employed,tabulate scheffe
/ / Hertabulaten] D= A PR BRIk R
//Scheffeig il A i, T — A FRBARTERE— X PRI (R 2 5
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SREFENDHARTFRENBE N LIESH T E 2 L3N T & =4 B LYol 505 ANEHE 50
MEEH R, WASZREGTEZ0H; EFARHERNEE, WARAREE T £ 5H,

5 RAT EDHTARS DA SN BEAAMEE BT, LRI S B E LT R
AE G AT UL E B0 2 A B F#vm, Hd R A REA TN E &0 m AR A

7 Stata ™ F 44 anovaE H,
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BRITfZER.GaN BT EELZH R T8, EPminorityRERZTGE TV # K% (ORIFEVHK&E, 15T
Ay R AE) , educKEHKF FIL, salaryﬁ@%ﬁ, beginsalary HA245F %, gender A A, KL
KALHRMER . VHREAESGWHIRE AL E R
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gen gender_minority = gender * minority
anova salary gender minority gender minority
/*
Number of obs = 474 R-squared = 0.2578
Root MSE = 14758.2 Adj R-squared = ©.2530
Source | Partial SS df MS F Prob>F
____________ +____________________________________________________
Model | 3.555e+10 3 1.185e+10 54.40 ©0.0000
|
gender | 2.914e+10 1 2.914e+10  133.77 ©.0000
minority | 7.197e+09 1 7.197e+09 33.04 ©0.0000
gender mi~y | 1.432e+09 1 1.432e+09 6.58 0.0106
|
Residual | 1.024e+11 470 2.178e+08
____________ +____________________________________________________
Total | 1.379e+11 473  2.916e+08
*/
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2.4 WA EAHT

WAL RNETEZHLEASZRE T 25, #FRHEZHATIEN, ﬂXAﬁ%TMk&Aﬁ% 5 7]
e H A g, 1B S RIRE Y, FHisd B RREAANLS, 2EA6 T F K-F 4 5% 0
}Eafii—ffbaf?.w_%‘é 75 9

’\#fr%ﬁﬁﬁb/\fwﬁdﬁﬁﬁléﬁ%i"%’]??4"1?7‘(7%#]\232%, FAEHR P E =W T EZrhe) FH4T,
%ﬁ&%xﬁ(T&)ﬁ%Wxﬁﬁﬁm M i B e e A 33 42 ) B & BEAT IR .

MG EPWBRET ZRETEZ5H, I TAROL2S LA LS FEETSNEL. SHAEET S,
TXNEE, FEMETHIT, anova L AR EELET e/ LT 20988
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* Fc. Ml RXpESAR BN R E
anova salary gender minority gender _minority c.beginsalary
/*
Number of obs = R-squared = 0.7803
Root MSE = 8037.97 Adj R-squared = 0.7784
Source | Partial SS df MS F Prob>F
____________ +____________________________________________________
Model | 1.076e+11 4  2.690e+10 416.41 0©.0000
|
gender | 5.576e+08 1 5.576e+08 8.63 0.0035
minority | 3.461e+08 1 3.461e+08 5.36 0.0211
gender mi~y | 52910806 1 52910806 0.82 0.3660
beginsalary | 7.207e+10 1 7.207e+10 1115.42 0.0000
|
Residual | 3.030e+10 469 64608890
____________ +____________________________________________________
Total | 1.379e+11 473  2.916e+08
*/
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3.1 Date variable

use date.dta

* For ‘datel’ type: 1-Jan-95

gen datevarl = date(datel, , 2020)
format datevarl %td

* For ‘date2’ type: 1/1/1995

gen datevar2 = date(date2, )
format datevar2 %td

* For ‘date3’ type: 19950101
tostring date3, gen(date3a)

gen datevar3 = date(date3a, )
format datevar3 %td




Gt 5 5 =k EALR 7 BR AT T E AT B 18] 5 3] Rg 3] A
4
* Year, month, day
tostring date4, gen(dateda)
gen len = length(date4a)
gen year = substr(dateda,1,4)
* When len=6, month is in 5th position and day in 6th
gen month = substr(date4a,5,1) if len ==
gen day = substr(dateda,6,1) if len ==
* When len=7 is hard to distinguish month/day, we skip
* When len=8, month is in 5th/6th positon and day in 7th/8th

replace month = substr(dated4a,5,2) if len ==
replace day = substr(dateda,7,2) if len ==
destring month day year, replace

* Creating datevar

gen datevard4 = mdy(month,day,year)

format datevard %td

* Filling in the missing dates

replace datevard4 = datevar4[ n-1] + 1 if datevar4
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To extract days of the week (Monday, Tuesday, etc.):

gen dayofweek = dow(datevarl)

This will create the variable ‘dayofweek’ where 0 is ‘Sunday’ , 1 is ‘Monday’ , etc.

O Self-study

From daily to weekly/quarterly and getting monthly/year|y?
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3.2 Setting as time series

Once you have the date variable in a ‘date format’ vyou need to declare your data as

time series in order to use the time series operators:

tsset datevar
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3.3 The four components of a time series

trend
e cycle

seasonal

random noise
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Trend
For a real-world example of trend, let’ s look at U.S. GDP. The data are quarterly
measurements of nominal GDP in billions of dollars, seasonally adjusted and converted to

an annual rate. There are important nontrend components to GDP, but the trend is the

dominant visual feature.

use quarterly.dta, clear
describe
keep if Imissing(gdp)
tsset
tsline gdp
& /

The upward trend of GDP over time is unmistakable. The downward “hook” near the end of

the series is evidence of the recession that began in 2008.
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Cycle

For an example of cycle, let’ s look at the civilian unemployment rate.

-

use monthly.dta, clear
keep if !missing(unrate)
tsset

tsline unrate
.

The sharp increase in the unemployment rate at the right—hand side of the graph is

another indicator of the post—2007 recession.

The lack of an obvious trend in this graph suggests (but does not prove) that the rate of

unemp loyment accounted for by the sum of frictional and structural unemployment has been
relatively stable during the post —-World War |l era. Instead the shape of the time Iine

is dominated by the cyclical component of the unemployment rate.
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Seasonal

Another type of cycle is seasonality, the tendency of some series to increase or decrease
in predictable ways at the same time of the day, the same day of the week, the same month
of the year, etc. The average daily high temperature follows a seasonal pattern, as does
the average temperature in a 24-hour period. This latter example of a seasonal component
happens to have a smoothly oscillating character. Temperatures tend to rise during the
morning, peak in the afternoon, and decline in the evening and overnight. Other seasonal
variations are irregular, not resembling a smooth cycle at all. For instance, bank

deposits rise and fall sharply around tax payment dates.
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3.4 Filtering time-series data

Smoothers provide tools for filtering out the noise component in a series, making it
easier to isolate the systematic components. Simple smoothers are motivated by the
assumption that the signal in a series evolves smoothly over time, while the noise
component is erratic. Additional time—series smoothers add incrementally more assumptions
about the structure of the signal in the series, ultimately separating out the trend,

cycle, and seasonal components.
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Stata offers a wide variety of time—series

of

tssmooth commands.

smoothers

b 18] - 37

through

its family

r

tssmooth smoother [type] newvar

Smoother category

exp [if] [in] [, ...]

smoother

Moving average

Recursive
exponential
double exponential
nonseasonal Holt-Winters
seasonal Holt-Winters

Nonlinear filter

exponential
dexponential
hwinters
shwinters
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Nonlinear filter

We begin with the tssmooth n1 command, which provides median smoothers and a special case

of a weighted—average smoother. For instance, a span—-5 median smoother calculates the t-

th value of the fit as:
yf = median of (yt—2ayt—17ytayt+layt+2)

|t allows to calculate median smoothers with spans from one to nine observations. |t also

offers a span—3 weighted mean, called the Hanning smoother, that is defined as:

vy = (Ye—1 + 2y + ye11) /4
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webuse sales2, clear

sort t

tsset t

tsline sales, name(gl, replace)
tssmooth nl nll=sales, smoother(5)
tsline nll, name(g2, replace)

tssmooth nl nl2=sales, smoother(3RSSH)
tsline nl2, name(g3, replace)

tssmooth nl nl3=sales, smoother(3RSSH, twice)
tsline nl3, name(g4, replace)

graph combine gl g2 g3 g4
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Moving-average filter

Vi = (Y¢—5 + Y4 +Yt—3 + Yt—2 + Y1-1)/5

webuse salesl, clear

tsset

tsline sales, name(gl, replace)

tssmooth ma sml=sales, window(2 1 3)

tsline sml, name(g2, replace)

tssmooth ma sm2=sales, weights(1/2 <3> 2/1)
tsline sm2, name(g3, replace)

graph combine gl g2 g3
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Single-exponential smoothing

yi = oy + (1 — a)y;_,

webuse salesl, clear

tsset

tsline sales, name(gl, replace)

tssmooth exponential double sm2a=sales

tsline sm2a, name(g2, replace)

tssmooth exponential double sm2b=sales, p(.4)

tsline sm2b, name(g3, replace)

tssmooth exponential double sm2c=sales, p(.4) forecast(3)
tsline sm2c, name(g4, replace)

graph combine gl g2 g3 g4
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Double-exponential smoothing

yi = ay; + (1 - )y,

webuse sales2, clear

tsset

tsline sales, name(gl, replace)

tssmooth dexponential double sm2a=sales

tsline sm2a, name(g2, replace)

tssmooth dexponential double sm2b=sales, p(.7)

tsline sm2b, name(g3, replace)

tssmooth dexponential double sm2c=sales, p(.7) s0(1031 1031)
tsline sm2c, name(g4, replace)

tssmooth dexponential double sm2d=sales, p(.7) s0(1031 1031) forecast(4)
tsline sm2d, name(g5, replace)

graph combine gl g2 g3 g4 g5
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Holt-Winters smoothing

nonseasonal

seasonal
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3.5 Forecasting

Once someone said: Forecasting is the art of
saying what will happen in the future and

then explaining why it didn't.

The reality is that forecasting is a really
tough task, and you can do really bad,

justlike in this cartoon:

But we can do definitely better wusing

quantitative methods and common sense!

In the previous part, we introduced a wide
variety of filters that help in highlighting
patterns in time series. Some of these

filters also can be used for forecasting.

7 £ AT i 19 /5 5 iR

3.2: Least Squares
Regressions

My HOBBY: EXTRAPOLATING

i
&y

zkn
=)

AS YoU CAN SEE, BY LATE
NEXT MONTH  YOU'LL RAVE
OVER FOUR DOZEN HUSBANDS.
BETTERGET A
BULK RATE ON
WEDDING CAKE.
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(1) Wsalary s =20 (a8 7 AT HIXE, T2 %1% 2 Hsalarygroup) , R A A
salarygroupfrgraduate ML =M — 278k &, F1EF 7455,

(2) #] Flsalarygroupfrgraduate™®™ L = & i — 4t k4%, K EPHIE N Isalarytg3gia,

(3) Frmktval =4 (w75 XE L) , #Hsalarygroup. mktvalgroupfegraduate =/~ & K =4
7B

(4) iF 4] Ftabstate & A m— IR Esalaryfragedy3{a. 209 % %, F#&MBgradT =%,
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