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QC results gave a different one-sided p-
value between SAS® and R

Analysis set: Per Protocol

Tobit Analysis of Variance
N
Least Square Means (90% CI)
Least Square Difference (90% CI)
z-value
p-value?

Exact Wilcoxon Rank Sum Test
p-value?

Placebo Low Dose! Medium Dose! High Dosel
7 6 6 10
7 6 6 0

5.01 (4.41. 5.61)

5.20 (4.55. 5.85)
0.19 (-0.69, 1.08)

4.74 (4.08, 5.40)
-0.27 (-1.16, 0.62)

2.99 (2.39, 3.59)
-2.02(-2.87,-1.17)

0.3615 -0.4990 -3.9150
0.6411 0.3089 <0.0001
0.1253 0.3141 0.0003

2 One-sided p-value

Note: The coin:wilcox_test() function was used for QC.

Exact Wilcoxon-Mann-Whitney Test

data: AVAL by TRT@1lA (PLACEBO, HIGH DOSE)

Z = 3.1696, p-value = ©.0003497
alternative hypothesis: true mu is greater than ©




QC results gave a different one-sided p-
value between SAS® and R

Placebo Low Dose! Medium Dose! High Dosel
Analysis set: Per Protocol 7 6 6 10
Tobit Analysis of Variance
N 7 6 6 0
Least Square Means (90% CI) 5.01 (4.41, 5.61) 5.20 (4.55, 5.85) 4.74 (4.08, 5.40) 2.99 (2.39, 3.59)
Least Square Difference (90% CI) 0.19 (-0.69, 1.08) -0.27 (-1.16. 0.62) -2.02 (-2.87. -1.17)
z-value 0.3615 -0.4990 -3.9150
p-value? 0.6411 0.3089 <0.0001

Exact Wilcoxon Rank Sum Test

p-value? C 01253 ) C 03141 ) 0.0003

2 One-sided p-value

Exact Wilcoxon-Mann-Whitney Test

Exact Wilcoxon-Mann-Whitney Test

data: AVAL by TRTO1lA (PLACEBO, LOW DOSE)
= -1.216, p-value = ©.891
alternative hypothesis: true mu is greater than ©

data: AVAL by TRT@lA (PLACEBD, MEDIUM DOSE)
= -0.57143, p-value = 6.7331
alternative hypothesis: true mu is greater than ©

Note: The coin:wilcox_test() function was used for QC.



It would be great if there was a
resource that aims to describe how
analysis results in different software
can be matched perfectly or knowing

the source of any discrepancies
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How CAMIS can help you!
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A shift to R is ongoing in industry

Differences with SAS can cause uncertainty, apprehension and nervousness about
the use of open-source software (e.g., R)

» Increase understanding and awareness of analysis result differences across
\Y?/
software (R, SAS, Python)

» Understanding how to mimic analysis results across software is critical

» To demonstrate the methodology through examples, document in open-source
GitHub repository

CAMIS contributes to the confidence in reliability of open-source software

by understanding how analysis results can be matched perfectly or knowing
the source of any discrepancies




3 additions to CAMIS

1. Tobit regression

2. Reference-based multiple
Imputation

3. Tipping point analysis
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2. Reference-based multiple
Imputation

3. Tipping point analysis
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What is Tobit regression?

« Regression model when outcome y is censored Example of left censoring (z = 8)
« Examplein virology:

« sample results below the lower limit of
detection (8 copies/mL) ® BB oo o0 00 0 & oo

« only know that sample result is <8 copies/mL,

but we don’t know the exact value 4 8 12 16 20 24 28

Latent variable y*



What is Tobit regression?

Regression model when outcome y is censored
Example in virology:

« sample results below the lower limit of
detection (8 copies/mL)

« only know that sample result is <8 copies/mL,
but we don’t know the exact value

« The observed yis

Example of left censoring (t = 8)
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What is Tobit regression?

Regression model when outcome y is censored

Example in virology:

sample results below the lower limit of

detection (8 copies/mL)
only know that sample result is <8 copies/mL,

but we don’t know the exact value

The observed y is

Example of left censoring (t = 8)

S

® 000 X

\\ 4

ID ARM

001 A

002 A

003 A

004 A

005 A

006 A

007 A

Y CENS
8.0 T
8.0 T
8.0 T
8.0 T
8.9 0
9.5 0
9.9 0

12

16
Latent variable y*

20

24

28

n



What is Tobit regression?

« Regression model when outcome y is censored Example of left censoring (z = 8)
« Examplein virology:
« sample results below the lower limit of r\x
detection (8 copies/mL) e U'"'. i S bt (ol Mt N
« only know that sample result is <8 copies/mL,
but we don’t know the exact value s . - o -0 - -
Latent variable y*
« Theobservedyis D ARM Y CENS
* *
y=1"" when y 2T 001 A 80 1
T, when y* <t
002 A 8.0 1
» Regression model on y* UL 2L 1
yi=XB+¢€, withe~N(0,0%) 004 A 80
005 A 8.9 0
006 A 9.5 0
Breen, R. (1996). Regression models. SAGE Publications, Inc., 007 A 99 D’ 12

https://doi.org/10.4135/9781412985611



R implementation

censReg
censReg()

censReg: :censReqg (
Y ~ ARM,
left = 8.0,
data = dat used)

survival
survreg()

survival::survreg (
Surv (Y, 1-CENS,
type="1left") ~ARM,
dist = "gaussian",
data = dat used)

VGAM

vgim()
VGAM: :vglm (
Y ~ ARM,

tobit (Lower = 8.0),
data = dat used)

13



SAS implementation

SAS

)

PROC LIFEREG

data dat used;
set dat used;

if Y < 8.0 then lower=. ; else lower=Y; kakﬂsyntax:

R it the lower value is missing, then the Y'is
proc lifereg data=dat used; used as a left-censored value.

class ARM; I
model (lower, Y) = ARM / d=normal;

lsmeans ARM /cl alpha=0.05;
estimate 'Contrast B-A' ARM 1 -1 /alpha=0.05;
run;

14



Comparison

Statistic censReg:: survival: VGAM:: PROC LIFEREG
censReg() survreg() vgim()

Treatment effect 1.8225 1.8225 1.8226
Standard error 0.8061 0.8061 0.7942
P-value 0.0238 0.0238 0.0217

95% Cl (Wald-based) 0.2427 to 3.4024 0.2427 t03.4024 0.2661 to 3.3791
c 1.7316 1.7316 1.7317

« VGAM:vgIm slightly different results as Iteratively Reweighted Least Squares (IRLS)
algorithm used for optimization

15



Comparison

Statistic censReg:: survival: VGAM:: PROC LIFEREG
censReg() survreg() vgim()

Treatment effect 1.8225 1.8225 1.8226 1.8225
Standard error 0.8061 0.8061 0.7942 0.8061
P-value 0.0238 0.0238 0.0217 0.0238

95% Cl (Wald-based) 0.2427 to 3.4024 0.2427 t03.4024 0.2661t03.3791 0.2427 to 3.4024
c 1.7316 1.7316 1.7317 1.7316

« VGAM:vgIm slightly different results as Iteratively Reweighted Least Squares (IRLS)
algorithm used for optimization

« PROC LIFEREG similar as censReg::censReg and survival::survreg
* One-sided p-values easily obtained in SAS

* In PROC LIFEREG and survival::survreg other distributional assumption are possible

16



Comparison

Statistic censReg:: survival:
censReg() survreg()

Treatment effect 1.8225
Standard error 0.8061
P-value 0.0238

95% Cl (Wald-based) 0.2427 to 342 <
. —'& %
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3 additions to CAMIS & ol ¥

1. Tobit regression

2. Reference-based multiple
imputation (rbmi)

3. Tipping point analysis
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What is (standard) Multiple Imputation?

» Theory due to Rubin (1976, 1987)
> Focus is on continuous longitudinal outcomes/endpoints
> Provides valid inference when the missing data are Missing At Random (MAR)
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Incomplete data f A Pool results
\_ _J

Rubin, D. B. (1976). Inference and Missing Data. Biometrika 63:581-592.

Rubin, D. B. (1987). Multiple Imputation for Nonresponse in Surveys. New I m p ute d d at a An a I yz e resu ItS

York: John Wiley & Sons.



What is (standard) Multiple Imputation?

EXPERIMENTAL

CONTROL

20



What is (standard) Multiple Imputation?

e
Fr——
S
EXPERIMENTAL s

CONTROL




What is Reference-Based Multiple Imputation?

O

EXPERIMENTAL 8
(NON-referenCe arM) — . O
O
O
O

CONTROL
(reference arm)
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What is Reference-Based Multiple Imputation?
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What is Reference-Based Multiple Imputation?

» Theory presented in Carpenter, Roger & Kenward (2013)

» Extends standard MI theory to situations in which MAR is implausible (sensitivity analysis)
» Considers Missing Not At Random (MNAR) type missingness

» Procedure similar as standard MI, modifying only the imputation model

Incomplete data . Pool results
Imputed data Analyze results

Carpenter, JR., Roger, J.H. & Kenward, M.G. (2013). Analysis of Longitudinal Trials with Protocol Deviation: A Framework for Relevant,
Accessible Assumptions, and Inference via MI. Journal of Biopharmaceutical Statistics 23, 1352-1371.

24



Reference-Based Multiple Imputation strategies

» Considers deviations from MAR, by specifying an imputation model for the unobserved outcomes based on
some reference group (e.g., reference arm)

< Jump to Reference (J2R)
< Copy Reference (CR)
» Copy Increments from Reference (CIR)

MAR J2R CR CIR

Outcome Y
o

69 | =@ reference arm

=@=non-reference arm

0O 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28
Week




R implementation

Analysis steps
1. fit the imputation model and get Bayesian posterior parameter draws for the parameters
2. use the parameters from the imputation model to generate the imputed datasets
3. run the analysis model on each imputed dataset
4. pool the analysis results across multiple imputed datasets to provide an overall statistic

Gower-Page et al., (2022). rbmi: AR package for standard and reference-based multiple imputation methods. Journal
of Open Source Software, 7(74), 4251, https://doiorg/10 21105/joss 04251
Jfinsi . ina.qithub io/rbmi/l —taq

26


https://doi.org/10.21105/joss.04251
https://insightsengineering.github.io/rbmi/latest-tag/
https://insightsengineering.github.io/rbmi/latest-tag/
https://insightsengineering.github.io/rbmi/latest-tag/
https://cran.r-project.org/web/packages/rbmi/index.html

SAS implementation

LONDON » PartlA declares the parameter estimation model
SCHOOL of

HYGIENE > Part1B fits the parameter estimation model using
STROPICAL MCMC and draws from the joint posterior parameter
MEDICINE distribution

Five macros » Part2A calculates the predicted mean for each subject

» Part2B imputes missing values

» Part3 carries out the analysis and pools the results

i : i iati issi i Reference-based Ml via 27
Multivariate Normal RM (the “five macros and MIWithD”). London School of Hygiene and Tropical Medicine DIA
Missing Data.


https://www.lshtm.ac.uk/research/centres-projects-groups/missing-data#dia-missing-data
https://www.lshtm.ac.uk/research/centres-projects-groups/missing-data#dia-missing-data

Imputation Strategy

500 2000
MNAR JR - oy .
MNAR CR{ ! -4 i
MNAR CIR A

Comparison

T T T T T

0 5 -4 -3 2 -1
Treatment Effect Estimate at Visit 7 (with 95% Cl)

-+~ R rbmi package -+ SAS Five macros

CC =Complete Case; MAR = Missing at Random; MNAR = Missing not at Random, CIR = Copy
Increments in Reference; CR = Copy Reference; JR = Jump to Reference

Five macros faster than
rbmi (2-3x)

» More flexibility in rbomi to
specify which records
need to be imputed

28



3 additions to CAMIS & ol ¥

1. Tobit regression

2. Reference-based multiple
imputation (rbmi)

3. Tipping point analysis
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What is Tipping point analysis?

» Continuous longitudinal outcomes/endpoints
» How robust are clinical trial results when they are based on imputed missing data ?
> Sensitivity analysis: Explore influence of missing data on statistical results
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What is Tipping point analysis?

» Shifting imputed missing values in the treatment group towards the reference group until the
result becomes non-significant

» Delta adjustment: imputed missing data point + ¢
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What is Tipping point analysis?

» Shifting imputed missing values in the treatment group towards the reference group until the
result becomes non-significant

» Delta adjustment: imputed missing data point + ¢
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What is Tipping point analysis?

» Shifting imputed missing values in the treatment group towards the reference group until the
result becomes non-significant

» Delta adjustment: imputed missing data point + ¢
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What is Tipping point analysis?

» Shifting imputed missing values in the treatment group towards the reference group until the
result becomes non-significant

» Delta adjustment: imputed missing data point + ¢
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Related to Multiple Imputation

» Delta adjustment after data imputation step: marginal delta adjustment approach
» Consider a range of delta values
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Incomplete data f A Pool results
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Cro et al 2020, Sensitivity analysis for clinical trials with
missing continuous outcome data using controlled multiple
imputation: A practical guide. Statistics in Medicine.

2020;39 (21):2815-2842. Imputed data Analyse results


https://pubmed.ncbi.nlm.nih.gov/32419182/
https://pubmed.ncbi.nlm.nih.gov/32419182/

R implementation

SAS implementation

Five macros

36


https://cran.r-project.org/web/packages/rbmi/index.html
https://www.lshtm.ac.uk/research/centres-projects-groups/missing-data#dia-missing-data

Comparison

» P-value for each delta adjustment (range from -5 to 10)

1.00 1
0.75+

0.501

0.751
0.50+
0.25 1

0.00 -

CIR

CR

JR

MAR

00s

000s

5

10 -5
Delta (intervention)

0

Software

& R
= SAS
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Comparison

Perfect match with SAS results
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.ients only managed

No way of applying delta adjustments to

intermittent missing values

+ Faster computation time
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https://cran.r-project.org/web/packages/rbmi/index.html
https://www.lshtm.ac.uk/research/centres-projects-groups/missing-data#dia-missing-data
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The end? It’s only the beginning

» Consult the CAMIS website
» Want to contribute? - Pleasereach out!
» Community effort

Images created using OpenAl DALL-E 3



Questions

Comments

Suggestions
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