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e 6 Aug 2015 - Sample Size for:
— Parameter Estimation (Descriptive studies)
— Hypothesis Testing (Analytic studies)
e Generic formula
» Observational studies (X-section / Case Control / Cohort)
 Experimental studies (Clinical Trials)
SW: N4Studies (mobile phone Apps)

7 Aug 2015 - Sample Size for:
— Regressions (Linear / Logistic / Poisson/Cox)
— Repeated Measures
— Power analysis
— Effect size Estimation
SW: GPower3 (computer) & PS (computer)
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Population & Sample

"luzt o ywow know for nesd time, when we
da o biopsy we oaly ke a ling picoe.”




Sample vs. Population
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Sample vs. Population

Unbiased sample
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Fig. 3. Sampling bias. An unbiased sample 1s representative of and
has the same characteristics as the population from which it has been
drawn. A biased sample is not representative of the target population
because its characteristics have different distnbution as compared

with the original population.
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- Inclusion Criteria

Specifying the characteristics that define
populations that are relevant to the research
guestion and efficient for the study:

- Demographic characteristics

- Clinical characteristics

- Geographic (administrative) characteristics
. Exclusion Criteria - Temporal characteristics

Specifying subset of the population that will not be
studied because of:

 high likelihood of being lost to follow-up
- unable to provide good/complete data

- ethical barriers

- subject’s refusal to participate

l TAATTLEN) Eluph|¢$_nrg
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Metihod's of Sampling

Probability Sampling -- methods that utilizes some form of random selection

1. Simple Random Sampling
2. Stratified Random Sampling
3. Systematic Random Sampling EPS: Equal Probability of
4. Cluster (Area) Sampling selection

5. Multi-stage Sampling PPS: Proportionate to Size

Non-probability Sampling - methods that based on either accidental or
purposive; usually approach the sampling problem with a specific plan in mind.

1. Accidental Sampling
2. Purposive Sampling Relevancy

2.1 Expert Sampling Representativeness
2.2 Quota Sampling

2.3 Heterogeneity Sampling
2.4 Snowball Sampling

Chance

Specific
Characteristics
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Important guestions in SS estimation

What is the key outcome of interest (primary objective(s)) which is to
be evaluated statistically?

Cured/Not Cured, BP, Survival time of patient, No. of E. coli, ...
(Categorical, Continuous, or Time-to-event)

How will the key outcome be measured?
Rate, Percent, Prevalence, Incidence, Proportion, Mean, Median, etc.

(Proportion / Percent/ Probability or Mean)

What kind of study does one have?

Descriptive (Parameter estimation), Analytic (Hypothesis testing)

Are there explicit or implicit dependencies in the data which need to be
accounted for?

Finite / Infinite Population, Fixed /Limited Sample, Ratio of groups

Completeness, Non-responses, Follow-up rate, Screening etc.

] 1.,.,. biophics. arg
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Types of Study Design
*Types of Observational Study —
» Descriptive D D

(Parameter Estimation) E a b
- Cross-sectional

e Analytic _ @

Cohort
RCT

(Hypothesis Testing) E C d

- Cross-sectional

>
- Case-Control @ @ @ S
- Cohort §

* Types of Experimental Study Case-Control &
 True Experimental Y
- Randomize Control Trial (RCT)

e Quasi Experimental

* Other Types of Medical Research Study
* Diagnosis
* Prognostic Factor Study

MW, BIGPRICS . Org



Types of Statistics

« By Level of Generalization
— Descriptive Statistics
— Inferential Statistics
 Parameter Estimation
 Hypothesis Testing
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—Comparison Smp”ng
— Association Technique
— Multivariable data analysis
By Level of Underlying Distribution
— Parametric Statistics
— Non-parametric Statistics

v Biaphics. org

Generallzatlon/
Inferential Statistics
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A priori information about parameters (key
outcomes) of interest

 Precision (in parameter estimation)
Effect size (in hypothesis testing)

 Confidence level (in parameter estimation)
Tail of the test (in hypothesis testing)

 Type |l error (a) (in parameter estimation)
Type | (a) & Type Il (p) errors (in hypothesis
testing)
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Priori Information

e Source of a priori information about parameters of

Interest

— Literature Review
From previous report, it was shown that cure

rate of Drug A = 70%

— Pilot Study
A pilot survey from 30 bottles of drinking water
In the market shows that there are E. coli In 5
bottles.

— Expert Opinion
3 out of 5 experts say that about 10% of
workers in the XXX factory have health problem
related to toxic chemicals.

iaphics. arg
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Priori information

« Example: a priori information about parameters of
Interest — previous survey (baseline)

Open Access Research

BM) Open Electronic cigarette use among adult
population: a cross-sectional study
in Barcelona, Spain (2013-2014)

women and 551 men). The theoretical baseline sample
size was 1291 individuals, assuming an expected smoking
prevalence of 30% (with an o error of 5% and a preci-
Ision of 2.5%), which was the estimated percentage of

smokers 1 Spain when the baseline survey was
{ conducted. The baseline survey was conducted in 2004—
2005 am:l its detailed design has been provided else-

3 ‘ﬂ.hf‘lf‘ " We followed up all the adult participants who




Priori Information

Interest — previous studies
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Example: a priori information about parameters of

Results from various experiments studying the effects of zinc

supplements on diarrhea in children.

Sample Avo. #H episodes
Treatment sizme in a vear 4+ s.e.
Rosado et al. (1997), Mexico placebo 56 1.1 0.2
iromn 54 1.4 +0.2
zinc 54 0.7 0.1
zine <+ iron 55 0.8 =0.1
Sample Avp. ## episodes
Treatment size per 100 days [95% c.i.]
Ruel et al. (1997), Guatemala
placebo 44 2.1 [b.8, 10.2]
zinc 45 6.3 [4.2, 8.9]
Sample Yo days with Prevalence ratio
Treatment size diarrhea [95% e.i.]
Lira et al. (1998), Brazil placebo 66 59 1
1 mg wine 68 5% 1.0 [0.72, 1.4]
5 mg zine T1 3% 0.68 [0.49, 0.95]
Sample # days with diarrhea/
Treatment size total #&# davs
Muller et al. (2001), West Africa
placebo 329 Q97 /49021 = 0.020
zinc 332 B69 /49086 = 0.018

whetw Biaphics. org

http://www.stat.columbia.edu/~gelman/stuff_for_blog/chap20.pdf
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Prior Information

« Example: a priori information about parameters
(primary outcome) of interest

Definition of Pimary Outcome: PID

Tenderness: abdominal direct, motion of cervix and uterus, and
GC+ or fever > 38-C or leucocytosis >10,000 WBC/ml or purulent

material from peritoneal cavity on culdocentesis or pelvix
abscess or inflammatory complex on bimanual exam

Estimating the Incidence of PID for Sample Size
Calculations

e Government officials estimated 40%

* Ob/GYN from Med School estimated 12%
* Pilot study found 4%
We conservatively set initially at 6%

wwiw biophics. org
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Precision (for descriptive survey study)

« What Is “precision”?
— Magnitude around the estimated statistics
regarding the true population parameter

— Not Statistical Significance

Cohen (1988) defines the statistical precision of a sample
statistic as "the closeness with which it can be expected to
approximate the relevant population value. It is necessarily an
estimated value in practice, since the population value is
generally unknown" (Cohen, 1988,). This precision is usually
estimated using a standard error, that is, the amount of chance
fluctuation (or lack of precision) we can expect in sample
estimates. We can use the standard error as an estimate of the
precision of a statistic in two ways: descriptively or inferentially.

Source: Sample size and statistical precision. By James Dean Brown (University of Hawai'i at Manoa)

W, DIOPRICS . Org
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Effect Size (for analysis study)

« What is “effect size”?
— Clinical/ Public Health Importance
— Not Statistical Significance

EFFECT SIZE

The effect size guantifies the difference between
two or more groups. It is a measure of the dif-
ference in the outcomes of the experimental
and control groups. i.e. a measure of the effec-
tiveness of the treatment. Cunningham and
McCrum-Gardner (2007) provide formulae for
effect size 1in different situations, but sample
size software can be used. which requests the
‘required information (e.g. absolute mean dif-
mated from previous publications and based on
the scientific knowledge of the researcher.

Evie McCrum-Gardner. International Journal of Therapy and Rehabilitation, January 2010, Vol 17, No 1

-_ whetw Biaphics. org
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Effect Size (for analysis study)

CLINICAL VERSUS STATISTICAL
SIGNIFICANCE

Just because a result is statistically significant, this
does not mean it is substantive in effect. For exam-
ple. two treatments could be statistically signifi-
cantly different, but their clinical effects may be so
small as to be unimportant.

Minimal clinically important

difference (MCID)

The MCIID can be defined as the “smallest mean-
ingful change score”™ or “the smallest (absolute)
difference in score which patients perceive as ben-
eficial. and which would mandate., in the absence
of troublesome side-effects and excessive cost, a
change in the patient’s management. Therefore.
differences in scores smaller than the MCIDD» are
considered not important independent of their sta-
tistical significance”™ (Ruperto., 2007 ).

It has also been described as a much sought
after., but elusive figure. The MCID>» for many out-
come measures is difficult to estimate and wvet, if
known, makes sample size calculations easier and
more accurate.

Evie McCrum-Gardner. International Journal of Therapy and Rehabilitation, January 2010, Vol 17, No 1

-_ whetw Biaphics. org
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Effect Size (for analysis study)

« Example of “precision” and “effect size”
— Clinical/ Public Health Importance
— Not Statistical Significance

Current cure rate = 70%
New drug should be 10% better => 80%

Previous survey found infected rate = 15%

New survey expected to find infected rate not
different from previous survey at + 3% => 12-18%



e @ BI&- PHI'CS

Effect Size (for analysis study) e
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« Example: Relationship Between Priori Info and Effect Size

A study in women from the slums of Dehli found 42% prevalence of BY (Suneela Garg et al,

2000). The World Health Organization estimates the prevalence of BY to be 19% in women

attending antenatal clinics in Bangladesh. An Indian study found 14% prevalence of BV in

adolescent in Maharashtra (Bang, et al, 2000). The pre-test study conducted on 62 women

from Karachi and 76 women from Lahore (including women from both urban and rural areas

and presenting the same selection criteria as defined for the national RTI study found 22%
prevalence of bacterial vaginmsis Against this ha{:kgmund it has been chosen to set the

minimal level oft EW preualenrse to be detected a’[ 15 - By minimizing the expected

prevalence we ensure the Etuﬂ}f be able to I’T'IEIF{E' EII:I:LJFETE.' measure of the prevalence even if

the trends would happen fo be lower than the neighbouring countries.

W, DIOPRICS . Org
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« Example: Relationship Between Priori Info and Effect Size

Minimal prevalence to be
significantly discnminated

Cidods Hatio

Sample size required for
each study

Sample size required for
gach study if
compliance=680% and
deff=1.7

1%

1.36

1,158

3.281

10%

1.50

725

2,054

9%

1.67

492

1.3594

Table 1 shows that measuring a prevalence drop from 15% to 13% leads to a big sample
size that sounds not feasible in term of cost and logistic. At the other end of the table, it may
be unrealistic to expect a drop to 10% or below as a result of a mid-term intervention.

Therefore the sample size necassary ta measure draps in prevalence from 15% to 12% (ar

\/

to 11%) appear as the most cost-effective options.

. DIophics. arg
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Effect Size (for analysis study)

Example: Relationship Between Priori Info and Effect Size
Sample size is function of the

— a type | error allowed

— B type Il error allowed

— actual predicted risk

— expected reduction of risk
The estimated sample size of each arm of a clinical trial, if the tolerated a
type | error is 0.05 and (3 type Il erroris 0.17?

Predicted Risk

1% 2% 3% 4% 10%
10% risk 197,750 | 97,924 | 64,649 | 48,011 18,064
reduction
50% risk 6,253 3,100 2,049 1,524 578

reduction

MW, BIGPRICS . Org
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« Hypothesis & Tail of the test
— One-sided vs. Two-sided Test

Two-sided test:
Ho:

"01<02; O~ T=b1>02

2.5%

Ha: [OUICOmET = ontcome=Y
af2 = 025 oaf?2 = 025
. ) —1.96 o] 1.96 x
One-sided test: , . /\ g 2N g
Rejeclion region Acceptlance Rejection region
Ho: Outcome 1 < Outcome 2 region

Ha: OQutcome 1 > Qutcome 2

01<02| O1

5%
Ho:
.05 _
Ha: z '
—1.645
SN
Rejection region Acceptlance region

25

l TAATTLEN) Eluph|¢$_nrg
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Hypothesis Testing

Not Reject Ho !!

Hi1 =

= '025

—~1.96 T s
/\ /\
I Y
Rejection region Acceptance Rejection region
reqion 26

W bBiaphics. arg
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Reject Ho !!
H <l

0 1.96
/\

Y
Rejection region Acceptance Rejection region
reqion 27
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- _ _ at Ol = 0.05
Ho: 1y =1y =0 e
H - TR :)LO eject Hy !!
&l 2 K> Wy
given n = very large at O = 0.01

Not Reject H,
=l

«/2 = .025

o/ 2=0.005

025
afz 0.005

2.576 * 2.576

— AN I\~

Y Y Y
Rejection region Acceptance Rejection reqioas

region

| W, BIopRIcS org
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Confidence & Power
Ho: G1 = G2 Reality/Truth
Ho True (G1=G2) Ho False (G1<>G2)
Correct Type Il Error
Accept Ho | confidence : 1-a Y,
Decision 99,95 10, .20
| Type | Error Correct
Reject Ho Power : 1-4

a
.01, .05 .90, .80
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Type | & Type Il Ervors
Confidence & Power

Ho: G1 = G2 Reality/Truth
Ho True (G71=G2) Ho False (G71<>G2)
Correct Type Il Error
Accept Ho Confidence : 1-« Yz
Decision 99, .95 -10,°.20
) Type | Error Correct
Reject Ho e Power : 1-4
.01, .05 .90, .80
Type I &rror Type II &rror

[(false positive ) [(false nesgative)
r_‘.- 3

You're not
pregnant

-_--.'."-.‘;'1'.-' bBiaphics. arg
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Type | & Type W Ervors
Confidence & Power

The Decision Matrix on Trial
The OJ Simpson Trial Analogy

Exhibit &

Ho : O] is innocent
Ho: OJ = Other \

Ha: O] is guilty
Ha: OJ /£ Other |



Type I & Type Il Ervors

Confidence & Power

Fealit Trruth
Ho Truae

................ Ho: OJ = Other

| Ha: OJ %Other |

COMNFIDEMNCE T IPE II Errar
‘ Ho: OJ = Otha LEWVEL
ﬂﬁfpt O] is Innocent O] is Guality
e & Mot Guilty VWerdict Mot Guilty YWerdict
d oy
e TYPE I Error FPOWER
REI_I]' ect O] i=s Innocent OJ is Gulity
I:' L} ]
Guilty Werdict Cruailty Werdict

‘ Ha: OJ % Otha




Summary — Generic Concept of SS Estimation -

o 2 Types of Study

e Parameter Estimation
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2 Types of Formula

. HypotheS|s Testlng
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Summary — Generic Concept of SS Estimation -

o 2 Types of Outcome = 2 Types of Formula

Sample size for Parameter Estimation

\asdiasd
Populaﬂnglg@w.g g%gg = wg g@Sample
“‘r.' a«‘»j.{_.r “‘r.' j

b

< &

B o—
T —

X
p

Parameter
SJNISIelS

Categorical outcome: T = P T Z“/Z\/p(l_ p)/n

Continuous outcome: M = X+ Za2 o / A/ N

-_ whetw Biaphics. org



o 2 Types of Outcome = 2 Types of Formula

Sample size for Hypothesis Testing
(Differences between independent groups)

sRqyetgy 8%¢ %% .
@ggﬁ@gg ul%% at44a Categorical outcome:
24424447 23482 Ho: ] = 12
Hi gaq) srgy Mo '
Ty Msﬁ @wﬁ 2 .
Sample 15 4 3 @ #4g®Sample2 | eContinuous outcome:
Ho X3 = X, Ho: ul = p2
Ho P = P

. ww'--'.b-ln-p.l;ut:l.nrg



Cross-sectional study

l l
Unexposed Snapshot Actual Sample Unexposed P of Disease
“““““““ ! prRE Ry I
FEx I 9 % % 2
4 AT : 3 - nl / pl
EXE E R AN JoH
Compare - - N Compare
Exposad Snapshot Results : T 3 HEA Exposed P of Disease Results
EXT S i g1 212 '
g [ 2 [ p2 il ; s 3 [ m2/p2
o o et 1
Unknown Mechanism Unknown Temporal Unknown Mechanism Temporal Sequence
Of Assignment Relationship Of Assignment Established
Case-control study RCT starts
| Actual Sample P of Exposures Controls Actual Sample Treatment Follow-up
~EeneEETT : |
8 | ] t 2 I : 32 ¥ 2
il ml/pul .
2 IS a 33 T 1 3 3 nl/pl
$ & Compare I 3 Compare
i r P of Exposure Cases Results T 3 Control Follow-up Resﬁﬁs
H \‘n_ 1 = = [
(S : £ £ : 3 P X 2
; 2 / — % o
_________ ; n2 | 3 2 : 3 2 [ u2
L

Unknown Temporal

' Unknown Mechanism
i Relationship

Of Assignment

Random
Allocation

Temporal Sequence
Established

Fig. 1. Examples of study designs. In cross-sectional studies inputs and output are measured simultaneously and their relationship is assessed
at a particular point in ttime. In case-control studies participants are identified based on presence or absence of the disease and the temporal
direction of the inguiry is reversed (retrospective). Temporal sequences are better assessed in long tudinal cohort studies where exposure levels
are measured first and participants are followed forward in time. The same occurs in randomirzed controlled trials (RCTs) where the
assignment of the exposure 1s under the control of the researcher. P: Probability (or risk).

I www.bnnplﬁi-:s.org



 Prepare 2 elements for sample size estimation

A priori information about parameters (key outcomes)
of interest

e Precision / Effect size

 Confidence level (in parameter estimation) = 95%
Tail of the test (in hypothesis testing) = two-tailed

« Type lerror () (in parameter estimation) = 5%

Type | (a) & Type |l (B) errors (in hypothesis testing)
= 5% & 20%

I www.bnnplﬁi-::.org
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Describe all elements in SS cale T

Alimentary Pharmacology & Therapeutics

Clinical trial: the efficacy, impact on quality of life, and safety
and tolerability of prucalopride in severe chronic constipation -
a 12-week, randomized, double-blind, placebo-controlled study

Sample size calculations were based on results from
dose-finding Phase II trials. A sample size of 594
patients (198 per treatment group) was calculated to be
tnivesing - required to detect a significant difference in response
Beigiim § rates (assuming 30% response rate for prucalopride, fn unsatis-
comesporf 1 50p for placebo and a 5% correction for patients pro- ife (QoL).
ramabid viding an insufficient amount of diary data), with a -
Witon, © power of 90% and a two-sided, type-1 error rate of § recepror

2.5% (correction for two comparisons vs. placebo). 2 sponta-

Publication data

L wvwew bBiaphics. arg
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SS Cale afterwards kit

Health-Related Quality of Life of Severely Obese

Children and Adolescents

Jefirey B. Schwimmer, MD; Tasha M. Burwinkle, M&;, James W. Vami, PhD
[+] Author Affiliatons

JAMA_ 2003:289(14):1813-1819. doi-10.1001/jama 289 14 1813. TextSize: a A A

Article | Tables | References

ABSTRACT

ABSTRACT | METHODS | RESULTS | COMMENT | REFERENCES

A Within the obese group, there were no significant differences in QOL scores by sex or ethnicity. Age
4 or SES were not significantly correlated with QOL scores. Stepwise multiple regression analysis using
demographic variables also indicated no significant contributions to QOL scores. Using standard

sample size and power tables28 with an a of .05 and power of .80, we determined that we would
need a minimum of 247 4 subjects to detect significant differences in QOL scores on the basis of sex,

il 400 subjects for ethmmty, 104 suh]ects for age, and 3134 subjects for SES.

wwiw biophics. org
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Large SS without sample size calc

Center of Excellence for Biomedical
and Public Health Informatics

OPEN @ ACCESS Freely available online @ PLoS one

Interpersonal Trust and Quality-of-Life: A Cross-Sectional
Stud y=islanan

All mumcaipahties 1n Japan were stranhed mto 100 blocks.
Yasuhar] VWithin each block, primary samplhing units (census tracts) were
1center for dl Tandomly chosen through probability proportionate to the
Graduate sSchd] sampling size, similar to the national census data of population
Political Sciend  Jistributions for 2069 years old m 2005. Eligible household
| mndmiiduals were randomly chosen from each resident registratnon
Abstr] ledger of the census tracts. Withim a uvmt denthed for samplng,
the households were selected randomlyv using the Raght Hand
Walk rule, mm which households were contacted m clusters around
poor sf the selected starting pomnts. From the first household contacted,
associal o households were skipped and the next one contacted. If we
Methol would have mterviewed the tirst ehmble member who was
relatiorf awvailable at the time of the survevw, this could lead to a non-
-andom sample, since 1t could lead to an over-representation of
WOITIEN, a5 WOITIen are easler to nterview and are more hkelyv to be
regressf availlable. 1o avoid this problem, we used the Kash Gnd, a method
gender ot selecting elimble respondents randomly trom within a household

using a random number table. Using this method, we did not stop
the samplhng until we obtamed a sample size of 1000 persons.

A, DISRRIE
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Good explanation of prioriinfo but ... ~—

doi:10.1093/brain/aws213 Brain 2012: 135; 3153-3164 | 3153

BRAIN

A JOURNAL OF NEUROLOGY

Recognition memory is impaired in children after
prolonged febrile seizures

ceran cases lead to hippocampa attton. We hypothesized that el One sample t-tests were used to determine attendance to novelty
children after prolonged febrie seizures will perform worse than § N against the chance level of 0.50. Consistently being found to achieve
normal controls in the delayed memory measure of the visual e scores above this benchmark signifies attendance to novelty, whereas
paired comparison task, but not the immediate memory measure the opposite signifies attendance to the familiar face. No difference to
because the latter relesles, if at al, on the presence of function- -} chance level signals that there is no preference for either the novel or
ally intact hippocampi, the familiar face on the part of the participant. To show a mean dif-
ference of 0.1 between our observations and chance, assuming a
standard deviation of 0.12 (Fagan, 1972; Rose, 1981, 1983; Rose
and Wallace, 1985; Colombo et al., 1988; Diamond, 1990; McCall
memary paradigm were ako cakulted and used o dependent ver- Nl and  Carriger, 1993: Pascalis et al., 1998; Nelson et al., 2000
ables in our group anayss Robinson and Pascalis, 2004; Jones et al., 2011) and «=0.8, 20

cases per group were required.

Total familarization time and tota looking time in the recognition
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