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Recommendation 10:

Single imputation methods like last observation carried forward and baseline observation carried
forward should not be used as the primary approach to the treatment of missing data unless the
assumptions that underlie them are scientifically justified. KNASLAR—R#>

— EMABHAKFS4>(2010)
BHLMNZRSFRITIE S, SRS HOHAIIE TR ELYES.

6.3.1 Imputation Methods

Only under certain restrictive assumptions does LOCF produce an unbiased estimate of the
treatment effect. Moreover, in some situations, LOCF does not produce conservative estimates.
However, this approach can still provide a conservative estimate of the treatment effect in some
circumstances.

Establishing a treatment effect based on a primary analysis which is clearly conservative represents
compelling evidence of efficacy from a regulatory perspective. LKBHARSA 3R>
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— NASL7R—Fk (2010)
Recommendation 6:
Study sponsors should explicitly anticipate potential problems of missing data. In particular, the trial
protocol should contain a section that addresses missing data issues, including the anticipated

amount of missing data, and steps taken in trial design and trial conduct to monitor and limit the
impact of missing data. KNASLR—H R >

Recommendation 9:

Statistical methods for handling missing data should be specified by clinical trial sponsors in study

protocols, and their associated assumptions stated in a way that can be understood by clinicians.
KNASLAR—r R #%>

— EMAAARS42,(2010)

5.2 Design of the study and relevance of predefinition
It is very important when designing the study and specifying the statistical methods to be used, to

anticipate the proportion of missing values likely to be observed in the trial.

To avoid concerns over data-driven selection of methods, it is essential to pre-specify the selected
methods in the statistical section of the study protocol or analysis plan and to pre-specify which
method will be used for the primary analysis. LKHARZA >
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MCAR (Missing Completely At Random)
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MMRM (Mixed effect Models for Repeated Measures )

MNAR (Missing Not At Random)
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— NASL7K—F (2010)
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clE, ETLOEEGEERF TS THD.

Recommendation 11:

Parametric models in general, and random effects models in particular, should be used with
caution, with all their assumptions clearly spelled out and justified. Models relying on parametric
assumptions should be accompanied by goodness-of-fit procedures. KNASLR—M RS

— EMAHAF514>(2010)
MMRM®D K5 EEICEDICHEIE, MARDRED T T, IRTOHEEBRENTLEIZHE
BEGIT G EICBRINDABENROEEEE/NATRGHET 5D, TO L%
HEFE Bl complete casefiBHTIC KA HETEELRFRIZLARIEEMEMHY, HERAEICEHETR
HINAT AMABMELNELN.

6.3.1 Imputation Methods

Only under certain restrictive assumptions does LOCF produce an unbiased estimate of the
treatment effect. Moreover, in some situations, LOCF does not produce conservative estimates.
Establishing a treatment effect based on a primary analysis which is clearly conservative represents
compelling evidence of efficacy from a regulatory perspective. LKHARSA RS>
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6.3.1 Imputation Methods LKHARSA—ER D R#E>
Baseline Observation Carried Forward (BOCF) is another single imputation approach that is
sometimes used. The use of BOCF may be appropriate in, for example, a chronic pain trial
where when a patient withdraws from treatment it may be reasonable to assume that pain
return to its baseline level and that the patient does not, in the long-term, derive benefit from
treatment.
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Stepl. MIIZKY KA SN -ERDT—2 Y E1ER

proc mi data=monol seed=14823
nimpute=10 out=outl; “nimpute: REIEHT—2 VML
class Trt; - RIELVRHIEHYICREREDET ILEIEE
monotone reg(yl); - MNARZ%fF?‘DF@MOdelTj:/EI‘/W modelobs
mnar model ( y1 / modelobs=(Trt="0")); [S&2T, EORNRAZMNTHTET SHEIEE
. " VarAT—h AR CHEZEICHWSEREIETE
var y0 y1;
run;

Step2. T—ARAEYNEBIZHITDET

proc reg data=0util;

mode| y1=Trt yO;

by Imputation_;

ods output parameterestimates=Parmi;
run;

ME D #HTIN-T—2 Y EDRIGHEEDL
ParamlIZHH hch 5.

Step3. MIANALYZE CEBDIERZ1DIZHE
proc mianalyze parms=parmil;

doleffects Trt: ParamlDIEREMET H_ET, 1DDHEHEREZEF
mo g effects Trt; BHEMTES.
run; .
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