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1

1.0.1

o BT o SIANTHEUMNOZFYE, LT HgiEA R IES 2 A

SR E RO HERT
(ESE LR A TR , 672 o B A

When using data to estimate the population mean, it is common that population

variance is also unknown.

PAMEFAREASRAER s KA BT o

We use sample standard deviation s to estimate population variance o.

¥rAEIR (Standard Error, SE): /& WEE Tttt IR AR L it S HIARTHEZE
Standard Error (SE): the standard deviation of a sample statistic estimated from

the data.

X FAEASME bR E IR -

For sample mean:
s

B =
SE: = —=

t BitE5 t 577 The t/ Statistic and ¢ Distribution

Estimating introduces extra variability, so the new statistic below does not follow

a normal distribution anymore.
T —p

N

o ZGFRERMNEHE n -1 1t 24,

The statistic follows the t distribution with n — 1 degrees of freedom.

1.1 F4% t 9% Student t Distribution

1.1.1

t HFEE X Definition

o FENLARE ¢ HABWEEN df 10t oA, € SON:

Random variable t has a ¢ distribution with df degrees of freedom:
z
VX2 /df
Horr 2 IRMBRHEIEZS AT, 2 IRANE BB df BI-RJ5040, H 2 A1 x* Az,

where z has a standard normal distribution and 2 has a chi-squared distribution

with df degrees of freedom. z and y? are independent.
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1.1.2 t 9% RIS Derivation of the ¢ Distribution

MNESHAES t Zit= Derivation of t statistic from Normal Sample

B N (p, o) SR P HRE AR B BEHLREA, FEAEN n.

Suppose that a simple random sample of size n is drawn from an N (u, o) population.
FEAIIE HIHRE 73 A7 ] AR IR

Then the sampling distribution for z becomes:

T B T
s/v/n \/M/(n —1)
EYSIF
« =~ N(,1)
. T P -1)
o T A s AL (R IES SO

T and s? are independent (given normal population).

R ¢ A AHIE X, ERIMERMNBEBE N n—1 K t 240,
By definition of t distribution, the above ratio follows a t distribution with n — 1

degrees of freedom.

1.1.3 ¢t %% R Properties of the ¢ Distribution

o FH LR CRIET 1, SRTIIME 0 XK.
The Student ¢ distribution is "mound” shaped and symmetrical about its mean of

0.

o SIERAMLL, t A E )RR R,

Student ¢ distribution has fatter tails compared to the normal distribution.

o FEEBEHEREM, ¢ pAmBiETARHEES A,
As the number of degrees of freedom increases, the t distribution approaches the

standard normal distribution.
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1 distributions have
more area in the tails
than the standard

Normal distribution.

== 1.2 degrees
of [reedom

- 1,9 degrees

of freedom
= Standard

Normal

1: t A5 ESDAIELE Comparison of ¢ Distribution and Normal Distribution

1.1.4 t 9%HIASE History of the ¢t Distribution

o t AyAEH B « KSR (William S. Gosset) T 1908 £ &K .
The t distributions were discovered in 1908 by William S. Gosset.

o RFERPEH BHIN ARSI AR, AnEEIE R TR SIS I .
Gosset was a statistician employed by the Guinness brewing company, which pro-

hibited its employees from publishing their discoveries that were brewing-related.

o FERXFET, 2 RV LA "Student” KK — AP K ERI 4]+
The company let him publish under the pen name ”Student” using an example that

did not involve brewing.

o NTAEM, ¢ ATHE RN Student’s ¢,

The t distribution is often called ”Student’s ¢” in his honor.
1.2 B#AK ¢+ E{5X[8 One-sample ¢t Confidence Interval

1.2.1 /23, Formula

o Yo REIN, REUG 2 x0/v/n BN txs/v/no

When o is unknown, the margin of error z % o/y/n becomes t * s/y/n.

o WANMEMBEHEN df =n—1 1 ¢ DARERIEFE, A LARHEIES A7 o

We use a t distribution with df = n — 1 instead of a standard normal to find the
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critical value.

e 1—a BEKXIEN:
The 1 — « confidence interval is now:
s

7
1.2.2 MRS Properties and Interpretation
o HEADANIESE, ZEEXERREFHEEKTFN 1 - a.

This confidence interval is exactly 1 —a when the population distribution is Normal.

o XFRMEAR (n BK), BMEEADSAARES, ZXEHEITLIE.

It is approximately correct for large n in other cases.

o RELPRRETHS R TR BT Z B INE)” AR, BT 2 it E
X 8] B 5

The estimation of the margin of error accounts for the increased "variability” from

f:i:ta/g

the estimated variance, making it larger than the one based on z-statistic.

1.2.3 SLERA): EEZELE Practice: the Sharpe ratio

EEZLLEE(SXEITE Sharpe Ratio Confidence Interval Calculation

520 He 3 g AU 1 T H T, e
The Sharpe ratio measures the average return for excess risk ~—*.
CA:

Given:

o FEAE n =100
Sample size is 100.
o FHIELEE =045
The average Sharpe ratio is 0.45.
o FEAFEZ s=0.3
The sample has a standard deviation of 0.3.
i ¢ oA T BB SR E R 90% BEAE X
Calculate and interpret the 90% confidence interval for the population mean using

t-distribution.

HH:

1. BEXIE:
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The confidence interval will be:

S 0.3
— = 0.45+£1.66——— = 0.45 = 0.0498
vn 1/100

2. FEREF 0.05(99) = 1.66 JEHFEIL 2005 = 1.65
Notice that tg.05(99) = 1.66 is very close to 205 = 1.65.

T £ t0,05(99)

fERE: A1 90% HIFEIRI N ST HLARAE 0.4002 21 0.4998 Z[A]
Interpretation: We are 90% confident that the population mean Sharpe ratio is
between 0.4002 and 0.4998.

1.3 EBEHK t #% The One-sample t Test
1.3.1 #RIE%GITE Test Statistic
o HRMAEBRUEZ R RIS, FATM TR =
When the population standard deviation is unknown we estimate the standard error
as \/iﬁ
o AL RISty
We use the test statistic:
_ T~ o
s/\/n
Forr g 72 JRABR v B R S A B MR

where p is the hypothesized population mean in the null hypothesis.

t

o ZGHERMNEBEN n—1 1Kt i
This statistic has a t(n — 1) distribution.

1.3.2 P {EitE P-value Calculation

o PHETSHFFM I t(n — 1) DA,
We find the P-value based on the ¢(n — 1) that is consistent with the alternative
hypothesis.

o MWREARDATNIESS, XL P ERATE): X OREEA, BME S AR RS
EHf .
These P-values are exact if the population distribution is Normal and are approxi-

mately correct for large n in other cases.
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1.3.3 A RE&EFFEIRTH P EAI P-value Formulas for Different Alternatives

Z#ERi&% Alternative Hypothesis

FFS3K 7~ Notation

P {EA3\ P-value Formula

i RREE Right-tailed test H, > P(T >1t)
fe Bk E: Left-tailed test H,:p < po P(T <t)
MEHLH: Two-tailed test H, : o # o 2P(T > |t|)

#£ 1. AEMREE IR P AETHE A P-value Calculation Formulas for Different Hypothe-

ses

Hy: po = po is P(T = ¢)

Ha: o < pig is P(T = t)

Hy:pe 2o is 2P(T = |e])

P

1.3.4 R: BEEMFHIRFZWE Example: Internet Cell Service Rates

FHLAR S EEELEL Cell Service Rate Comparison

2#:

are $17.09.

$3.87.

| 3L

B LR PHURSS R AR A FRARATH 2 R T R FHURSS A 5 (U AT&ET).
Background: Internet cell service providers argue that their rates are lower than

conventional cell service companies such as AT&T.

o AT&T B HFHES A $17.09 (BrEZECHD .

The mean and standard deviation of monthly cell bills for AT&T customers

o MEHBEMFHARS HBENIEL 100 L5, PN $16.42, briEEN

Take a random sample of 100 customers of the internet cell services and the
mean bill is $16.42 with a standard deviation $3.87.

1. FATRESAF IR PR S5 R8T AT&T H4Ei8?

Can we conclude that the rates are lower than AT&T?
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2. AR M ATST HITE% 5 H LR 3 50 1A 2 RS0
Can we conclude that there is a difference between AT&T’s bills and the

internet competitor?
fRE B
L X TFE WS, FHERKRR: Hy:p=17.09, H,: u< 17.09.
2. X THE AN, FHNERLS: Hy:p=17.09, H, : p # 17.09,

3 pRaLe 4 16.42-17.09 _ —0.67 ~,
3. Wi t Gt ¢ = 2200 = S5 ~ 173,

4. B P EHES IR FEBE 4.

1.4 KIWEHMRE Checking the Required Conditions
1.4.1 HHEZH Required Conditions

- FEHLHHF Random sampling: FEAAZREK B SRR HEEHIFEA (SRS).
The sample must be a SRS from the population.

o IESM/AXMAR Normality or Large Sample: AJ DLl 2 B o7 K. FEZ &l
IER A EE S Q-Q BRERRE” & TR, Real Xt T/EA,
We can draw a histogram, a boxplot, a Normal quantile plot or a Q)-Q plot to check

how "normal” the shape is especially for small samples.

| B B i e
= A R e
o

y
~1} , &P
L ! I i L 1 L 1 1 L I J -2 F “
1 2 3 4 § 6 F & | 1 2 3 4 5§ 6 ¥ Rk
DO level (mall) DO level (mg/l) DO level (ma/l)

1.4.2 SNHERTAYX#EEZE Factors that Strongly Matter

o PEHLHAE Random sampling: FEALIE K H HARERT SRS, XFERTHE AR
P A EH
The sample must be a SRS from the population. Then all the probability rules will
apply.

o« SE(EMBE Outliers and skewness: ‘EATMRIIFZINE, M ¢ #6556, 4R
M, BEEFEARERIREM, BT O RER (2 BITIES) MREERE (s B o

10
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FIAERAAGTE), EATRIRNT 259 .

They strongly influence the mean and therefore the ¢ procedures. However, their

impact diminishes as the sample size gets larger because of the central limit theorem

(z is close to Normal) and the law of large numbers (s will be an accurate estimate

of o).

o BRANFEARNESOLAL, BER E H AR SARE) SRS X — 3% LA 73 A N IEAS S AR5

HE,

Except in the case of small samples, the condition that the data are an SRS from

the population of interest is more important than the condition that the population

distribution is Normal.

1.5 ¢ WITEFa ™M Robustness of ¢t Procedures

1.5.1 SLH4#ER Practical Guidelines

#7KE Sample Size

#i Recommendation

FAE < 15

BB R EGL IES ] ¢ A5

FEAEZE/D 15 H/MT 40

RTUMEH ¢ f e, BRARATAE ST H L 855

KIEA > 40 B+ I SR AR 0 AT, ] MR ¢ fe e

X 2. t WIEHIFE (M8 5 Robustness Guidelines for t Procedures

1.6 TS EYIEEE Choice of Inference Distributions

SRR INERGITE AHERGZITE
1B, TTECH z z
1A, T ERA t t*
IS4, TTECH ANETH not available 2
Nonnormal distribution with known variance not available z
DA, TTERF ATTH not available t*
Nonnormal distribution with unknown variance not available t*

% 3. AFEMEM T BHERT A i Choice of Inference Distributions for Different Situa-

tions

E: B B TRFEA, RIMESARARIERS, ¢ BRI AT 3L

Note: t* in the table indicates that for large samples, the t-test is approximately valid

even if the population is not normal.

11
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2

2.1

2.2

SR FEM#ERT Inference About Population Vari-

ance

B Motivation

FEEAXKEE Variance as a measure of risk: FCEPI NI IR G
7%, DRGSR BN —A

comparing the variance of two stock portfolios to select one with a smaller risk.

FRE#EH Quality control: /™ i EHE . T BUATRI T 2.

to reduce the variance of products including weight, size, or volume.

RIS EGE BT 72 o2,

The parameter to investigate is the population variance o2

T ZHEWTDOE T IR & S AA

The inference applies only to normal populations.

<7397 Chi-Squared Distribution

2.2.1 EX5MR Definition and Properties

v NSEAREIEASFENLAR B P 7 MR s — N B BN o BRI A0
The sum of v independent standard normal random variables’ squares forms a >

distribution with v degrees of freedom:
o= 7 ~X*(v)
i=1

HHERANTT 22
Expectation and variance:
B(x*) =v

V(x?) = 2v

RIT AASTERIFRIN -

The chi-squared distribution is not symmetrical.

PP IBFESEHIARAE: Gk P(x* < 0) ZEE XK.

The square forces non-negative values: finding P(y? < 0) is illogical.

12
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0 2 4 6 8 10 12 14 16 18 20

K 2: AEHEHBEBERFR 504 Chi-Squared Distribution with Different Degrees of Free-

dom

2.3 MHAKRFZEMMBR Properties of Sample Variance
o FEARTTE $? AT o m —EHA B Sl &2

The sample variance s? is an unbiased, consistent, and efficient point estimator for

o2

o WH X; ~ N(u,0?), N:
If X; ~ N(u,0?), then:

L] Xﬂ‘ﬂ:IE?I{LQWIé\,fZ':) ﬁ:

For normal populations, we have:

= ~x*(n—1)

2.4 BMHRFEMRIZIIE Testing for a Population Variance
2.4.1 RIWHITE Test Statistic

o RN L RIE H, : 0? < of (Bl EES A8 28N ).
Commonly a left tail test H, : 0% < 02. Why?

13
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o KIGARITTEN:
The test statistic is:
o (n—1)s°
X ==
09
MRMEBHEAN n—1 R0

which has a chi-squared distribution with n — 1 degrees of freedom.

« WTERKRK, PAEZ x* GitE/N TS T EAERTER
For a left-tailed test, the p-value is P(x? < calculated value).

Critical Region for Left-tailed test

K 3. £ AL

2.4.2 SLERBI: BEFEFHLEF Practice: Container-filling Machines

ReEFRFEKL Container-filling Variance Test

B ASEHANH TSI, A, BUCR SR . BB T, &
EN AEHRMEL.

Container-filling machines are used to package a variety of liquids; including milk,
soft drinks, and paint. Ideally, the amount of liquid should vary only slightly.
BRR: A LA A AR AT DLt — BOtE A 1 RS, DR THEARER T 2%
N1 ET.

A new type of machine boasts that this machine can fill 1 liter (1,000 ml) containers

so consistently that the variance of the fills will be less than 1ml.
A
o FFAF % s? =0.633 ml?

The sample has a variance of 0.633.

14



Applied Statistics One-sample Inference

o FEAE n=25

The sample size is 25.

E&R: 1E 5% MEFEMIKFT, XU R S VB X —FER?
Do these data allow the president to make this claim at the 5% significance level?
R

P gk
« Ri: Hy:0"=1, Hy: 0% <1 CERRL)
o WIEGIHE: 2 = B0 _ 94 % 0.633 = 15.192
o IGFE: x245(24) ~ 13.848
o RS HIT 15192 > 13.848, ANFEIEAAER, ANREJELE Hy.

o 45k 1E 5% KPR, BA RIS T /N T 1ml KA.

2.5 SEFZEM{LIT Estimation for a Population Variance
2.5.1 HERE({SX|8 Confidence Interval for Variance

o ETFARENn A, BHETE > 11 - o BEXEDY:

Confidence interval of a population variance o2 based on a sample of size n is given

by:
—1)s?
TR Lower limit = u
Xa/2
—1)s2
R Upper limit = (712—)3
Xl—a/2

Hor 2 o X3 REHEN 0 — 1 BRI A B IE FHE -
where x? /2 and X7 /o are critical values from the chi-squared distribution with

n — 1 degrees of freedom.

15
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2.5.2 FREZERE(SX|E Confidence Interval for Standard Deviation

o SMABREZE o B XA T Z X TR 7R -
Confidence interval of a population standard deviation ¢ is the square root of the

variance interval:

)2
IR Lower limit = u
Xa/2
_1)s2
R Upper limit = (712—)8
lea/Q

2.5.3 SEERRI: % #ELAA[EHR Practice: Portfolio Returns

¥R B A LR EEE [EXE Portfolio Returns Standard Deviation CI

BHER: £ 10 FH0E, —MREAGFERIRKREZEN 16%. FRIRRMIES S
Ao

During a 10-year period, the standard deviation of annual returns on a portfolio
was 15 percent. The annual returns are normally distributed.

B SKAE AR SR PR HEZ R 95% EAS XA,

Find a 95% confidence interval for the population standard deviation of the annual

return.
e

e TV n=10, s=0.15 a = 0.05

HHE: df =10—1=9

I XE.025(9) = 19.023, X 975(9) = 2.700

BAEXH:

IN
IN

o

\/(10 —1) x 0.152 \/(10 —1) x 0.152

19.023 2.700

/9 x 0.0225 /9 x 0.0225
19.023 2.700

0.103 <0 <0.274

IN
IN

o

R ATE 95% TR NAE B4k ) B AKFRIEZTE 10.3% B 27.4% 2
A] .

16
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3 Fa{#EM Robustness of Inference Procedures

3.1 FBREMBEIZENX Definition of Robustness

o MWR—AGIHHERTE TR AR T BB B AU, 2R P R oA AR
T -
A statistical inference procedure is called robust if the required probability calcu-

lations are insensitive to violations of the assumptions made.

o UEHRE R RS OE RN, BAS KPR P A S KA KRR
The confidence level or P-value does not change very much when the conditions for

the use of the procedure are violated.

o BGn, BHEE ¢ KIS ATTZER xR R AR SRS T IR LS A 4 e 4 1R
o

For example, both ¢t procedures for means and x? procedures for variances are

exactly correct only when the population is distributed exactly normally.

3.2 RHIMR: ¢t RIEAIFAEEM Simulation Study: Robustness of
t-test

t WISRIFEEMHEHL Robustness Simulation of ¢-test

7k
o MIIZI43AE U(0,1) AR 1000 NMEA, BAFEARE n = 10.

Generate 1000 samples of size 10 from a uniform population U(0, 1).

o HHATXE t #538 Hy: p=0.5, BEMEKT a=0.05.
Run a two-tail t-test Hy : p = 0.5 at 5% significance level.

e g3k 1000 4> P {EA/NT 0.05 HIEEH.
Record the proportion of p-values less than 0.05 among these 1000 tests.

R
TE Variable | IM#E Obs | {E Mean | fREE Std. Dev. | &/ME Min | &X{E Max
— 1,000 046 2095899 0 1
AR BMEXSHFARIES S YN FUNER (n=10), t I KIEE 24

AR (0.046) FEFHILA XK 0.05, B ¢ Rrxt IR SRR 0 = 2 AR A 1 o

Interpretation: Even for a non-normal population (uniform) and small sample (n =

17
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10), the Type I error rate of the ¢-test (0.046) is very close to the nominal level 0.05,

indicating that the t-test is robust to deviations from the normality assumption.

3.3 =R : ? KIEAFAEM Simulation Study: Robustness of
Y’ test

2 GRS R MRl Robustness Simulation of y? test

7k

« WIS U(0,1) AR 1000 MEAR, HEAET 9 n =10 M n = 30.
Generate 1000 samples from a uniform population U(0, 1) with sample sizes
n = 10 and n = 30.

o HHATRUR x2 K3 Hy : 0 = 0.288675135 (3514045 U(0,1) HIESLARHEE),
BEMEACE o = 0.05,
Run a two-tail x? test Hy : o = 0.288675135 (the true standard deviation of
U(0,1)) at 5% significance level.

=+
FER.
# 78 Sample Size | TE Variable | W% Obs | ¥ Mean | #FfZE Std. Dev. | &/J\VE Min
=10 typel 1,000 007 0834144 0
n=30 typel 1,000 002 044699 0

BRFE: WIRPEOL FHE4E R ] (0.007 A1 0.002) #RIZAKT 5%, Dk E
YA A B AER . 77 77 ZE A 560 IR A AR V1) i 25 AN A A

Interpretation: In both cases the proportions of the tests rejecting the null are
much lower than 5%, hence the significance level is quite inaccurate. x? procedures

for variances are not robust when the population is not normal.

3.4 2455t Summary and Comparison

o RFIERER, ¢ RIGAT ZER AR TSR R T B R B SRR
For normal populations, the t-test and variance test given a true null hypothesis

has the ”accurate” Type I error rate at the significance level.

o BATHESEHIER A IESN.

No real data is exactly normal.

o BMEN ¢ ARG X AR LS TR B RGN, K5 A RO

18
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t procedures for means are robust to deviations from the normality of the popula-

tion, especially when sample sizes are large.

o JTZER N BRUAZFER

X2

procedures for variances are not robust.

4 HEANZDR: BERENNSR T Extended Content:

Advanced Topics in One-sample Inference

4.1 Bayesian FER SRR Bayesian One-sample Inference

DINTERAR A RV BB AE AR HET Bayesian Perspective on One-sample Inference

55Kk 775893 L Comparison with Frequentist Approach:
SRIK Frequentist: ZH0% [l 5E FIRFIHE BT lee A AT HE T .

Parameters are fixed unknown constants, inference based on sampling distri-

bution.

DIRtET Bayesian: ZHGERENLAL R, HA %GR, T 580 AmdE4THE

[Zkﬁ o

Parameters are random variables with prior distributions, inference based on

posterior distribution.

DIt Hr BB A K5 {E RV HERT Bayesian Inference for One-sample Mean:

Bise: X~ N(p,0%), HH o® 2H.

Assume: X; ~ N(u,0?) with 0% known.

FI AT o~ N(po, 78)
Prior distribution: p ~ N(uo, 78).

Ja¥ o An: pldata ~ N(pn, 72), HH:

Posterior distribution: u|data ~ N(u,,7?), where:

1 n
ZHo T 53T
— 0
pn =
G 02

Ja S A 2 S5 B8 BB AL AR S E RN 25 o

The posterior mean is a weighted average of the prior mean and the sample

mearn.

19
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LB 549% Advantages and Disadvantages:

o fhEE: AR AEREE; HERESHIIMELRR.
Advantages: Naturally incorporates prior information; provides direct prob-

ability statements about parameters.

o S8 SREER TN HEARE M.

Disadvantages: Subjectivity in prior choice; computation can be complex.

4.2 EBSYHZE: FSHEIGS Wilcoxon fF5##% Nonparametric
Methods: Sign Test and Wilcoxon Signed-Rank Test

ESH BRI Nonparametric One-sample Tests

EHATER When to use:

o Kl IR O 125 1525 70 A1 I

When data clearly depart from normality

o FEAEIR/NHIEPAL RS TR

When sample size is very small and normality cannot be assessed

o BlERFHNE nH) 1

When data are on ordinal scale (e.g., ranks)

iy 3

FSHIE Sign Test:

o RIG TR S E TR EE.

Tests whether the median equals a specified value.

FAE MBS s h A e ZRAFS (EEED.

Uses only the sign (positive or negative) of the differences between observa-

tions and hypothesized median.

St E: ESHEE (SRR,

Test statistic: Number of positive signs (or negative signs).

FERBET, FERERA IS Bin(n, 0.5).
Under null hypothesis, number of positive signs follows binomial distribution
Bin(n,0.5).

s fis, XREERME.

Advantages: Simple, robust to outliers.
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Applied Statistics One-sample Inference

o BRA: RHGEEE, MERIE.

Disadvantages: Uses only sign information, less efficient.
Wilcoxon ff 545 Wilcoxon Signed-Rank Test:

o RGP AER G E TR EE.

Tests whether the median equals a specified value.

o fEARIE SR P AL B e Z AT S AR GRS,

Uses both the sign and magnitude (via ranks) of the differences.

- LI

Procedure:

L TFEAAWLNE SRS b AL %=
Compute differences between each observation and hypothesized me-

dian.

2. WUANHE IR -

Take absolute values and rank them.

3. HMIEERERBRIEARR ST &,

Sum ranks of positive differences as test statistic.

o s T SRREAN BOVEH T EZER.

Advantages: More efficient than sign test as it uses more information.

o BRE: RRIIATRIAR

Disadvantages: Assumes symmetric distribution.

4.3 P =: Cohen’s d 5 Hedges’ g Effect Size: Cohen’s d and
Hedges’ ¢
o Gt REEGEREEEAR . SRR E URRATN 2 BAAAE, 10N &
AT 2 K.
Statistical significance is different from practical importance. Statistical tests tell

us if an effect exists, while effect size tells us how large the effect is.
« Cohen’s d: T HEAS ¢ Ko 24 B
Cohen’s d: Effect size measure for one-sample t-test.

g L Ho
s

21



Applied Statistics One-sample Inference

Hrf oy BB, s RFEARPRHEZE

where g is the null hypothesis value, s is the sample standard deviation.
. f#%% Interpretation:
— |d| =~ 0.2: /NN Small effect
— |d| = 0.5: FEERR Medium effect
— |d| = 0.8: KM Large effect

o Hedges’ g: Cohen’s d HI/MERRIE

Hedges’ g: Small-sample correction for Cohen’s d.

3
e 1—
J dx( 4n—9)

Hrpon REAE,

where n is the sample size.
« EEM Importance:

— B AU p A R

Avoid relying solely on p-values for decision making.

— EFEAEARRHS, BIAERONAR /M AT BE & 2

With large sample sizes, even small effects can be significant.

— e EAE XA RN A i B e B RS
Reporting confidence intervals and effect sizes provides more complete infor-

mation.
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B4 Summary
o BEREAHERT One-sample Inference:

— WA BAFEAX BASH CINE. J52%) BEATHERT
Involves using a single sample to make inferences about population parameters
(e.g., mean, variance).

— MR RN, ¢ o ATEEAT BB R HERT .
When population variance is unknown, use t-distribution for inference about
the mean.

— AR IER AT, AR AT AT U5 2 I HERT .
When population is normal, use chi-squared distribution for inference about

variance.
o XML Key Concepts:

— FrEIR Standard Error: FEAG MR IIREZE, SE; = s/\/n.
Standard deviation of a sample statistic, SEz = s//n.
— t IR t-statistic: t = S, M t(n — 1) 2

t= j/;\/‘%, follows t(n — 1) distribution.

— t 970 t-distribution: CIEZA AR HEE, FEE H HEE &L T 1ESS
i s
Has fatter tails than normal distribution, approaches normal as degrees of

freedom increase.

— %7548 Chi-squared statistic: 2 = %=V, T k.

2
90

—1)s2 .
S a— %, used for variance tests.

o E{5[X|8 Confidence Intervals:

— ¥H: .T:l:ta/g\/iﬁ (o RHED
Mean: T £ ta/ 7= (o unknown)

P 2 n— 82 n— 52
ey (& &)

2
Xasz | Xi—ay2

n— 82 n— 82
Variance: <( 21) (n—1) )

Xa/2 ’X?—&/Z
— b2 BOTZX R .

Standard deviation: Square root of variance interval.

o BI%#E Hypothesis Testing:
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— YER . A ¢ Gt s, RIS BT R E P A,
Test for mean: Use t-statistic, calculate p-value based on direction of alterna-

tive.
— HERK: EHRTGHE, @RI ER SR .
Test for variance: Use chi-squared statistic, often concerned with whether

variance has decreased.

— R W P ESEENKT a.

Decision: Compare p-value with significance level a.
o XHHESTREM Condition Checking and Robustness:

— BE#IMAE Random sampling: fREZ AT, WHIRFEARAGR K.

Most important condition, ensures sample represents population.

— IEZASM Normality: ALEEBRUE TG A X1 ¢ ke, BEEREA RIS I
T 2 AR
Can be checked with graphical methods; for ¢-test, more robust to deviations

from normality as sample size increases.

— t I HIFRE M Robustness of t-test: X /NMEARAEIEASVEM UfafE, HrH)
& AT RIS o
Quite robust to non-normality for small samples, especially when distribution

is symmetric.

— FAKRIEHFREM Robustness of y2-test: X 152 A Fald,

Not robust to deviations from normality.
« SLH#ER Practical Guidelines:

— AR <15: AEBERRGE RSN ¢ 5.

Sample size < 15: Use t-test only when data appear normal.

— FEAR 15-40: FIEA ¢ A5G, BRARA S BRI .

Sample size 15-40: t-test can be used except with outliers or strong skewness.

— FEAR >40: BME AR WA, WAl ¢« k.

Sample size > 40: t-test can be used even with clearly skewed distributions.

o %1% Distribution Choice:
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1845 Scenario | /MEAR Small Sample | X#7 Large Sample
IEZ, o OH z 2
B, o KA t t
EIERS, o BH ANHTH 2
EIERS, o KA ANHTH t

R 4 HEWr Ak 845 Summary of Inference Distribution Choices

e =R FER Advanced Topics:

— DIMHET#ElT Bayesian inference: ¥ SHW NN L&, 4EkRER.
Treats parameters as random variables, incorporates prior information.

— IEBHHKY Nonparametric tests: 4 IEASMEIB™ HiE RNATH, WFFS
K56 Wilcoxon f3F5 FRAG I
Used when normality assumption is severely violated, e.g., sign test, Wilcoxon
signed-rank test.

— 2 Effect size: ALK/, W Cohen’s d, GG TH T 5 .
Quantifies magnitude of effect, e.g., Cohen’s d, avoids relying solely on statis-

tical significance.
. X#/\I Key Formulas:

R, o T
tGiitE: t= TR
— PIEERXI: Tt

- RO = e

_ ﬁ%%{%gl‘ﬂ ((nx—l)sQ7 (n—1)52)

2 2
a/2 Xl—a/Q

KE#DE S Core Takeaways

. B t 57HBVEEM Understand the importance of t-distribution: 24
ERTT RTINS, ¢ o3 AR SRt 1 b IEZS 0 A S e O HE T .
Provides more accurate inference than normal distribution when population

variance is unknown.

o IEffIEFE#EIE 2% Choose the correct test distribution appropriately:
RAEFEA R . LSRG B RE T ZRIERE 2 Ml ¢ /.

Choose between z-test and t-test based on sample size, normality assumption,
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and whether variance is known.

. MERIZEY Check assumptions: Frl2FENLIHMFEEF EZSME OO/ E
7N

Especially random sampling and normality (for small samples).

o IERRFREMMES Understand robustness: ¢ F 560 0T 1525 1 e 25 AH 0T RS,
MR 7577 ZER 56 W A F
t-test is relatively robust to deviations from normality, while chi-squared

variance test is not.

. FRFRE(EXEF P {E Interpret confidence intervals and p-values cor-
rectly: B{5XIEIRMAMGTTVERE, P EFRALR R UEYE SR .
Confidence intervals provide range of estimates, p-values provide strength of

evidence against null hypothesis.

o Z[EXMME Consider effect size: it AE T LPRELE, A APiE
RALFEZBERE L.
Statistical significance does not equal practical importance, reporting effect

size provides more complete information.

. THEERK 7% Know alternative methods: 4 1E&SVEM ™ EiE R, %
JEAZHT i
Consider nonparametric methods when normality assumption is severely vi-

olated.

o NMATFEFREIEE Apply to practical problems: FFEASHEWIAE 5T & 42
SRl R TG BEEAT TSR N
One-sample inference has wide applications in quality control, financial risk

assessment, scientific research, etc.
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