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Introductions

Dr. Viral Panchal

* Dr. Viral Panchal earned his DrPH in Biostatistics from Jiann-
Ping Hsu College of Public Health at Georgia Southern
Universitﬁ, where he also completed his MPH. Prior to that, he
received his Bachelor of Medicine and Surgery (MBBS) from
Maharaja Sayajirao University, India.

* After completing his education, he completed his
postdoctoral fellowship at the Medical College of Georgia. He
then held the role of biostatistician at Duke University Medical
Center before servin%as an assistant professor and later as an
adjunct professor of biostatistics at the University of North
Carolina, Wilmington.

* Currently, he works as a staff biostatistician at Siemens
Healthineers, where he leads and supports point-of-care
projects in preclinical biostatistics.

Dr. Ryan Butterfield

* Dr. Ryan Butterfield resides in St. Augustine, FL with family.
On a personal note, he enjoys time with his family and golfing
and reading as much as having little kids and his wife permits.

* His educational experiences resulted in a BS in
Biomathematics and MPH in Biostatistics from Loma Linda
University, an MBA from Jacksonville University, and a DrPH in
Biostatistics from Georgia Southern University, where he was a
BASS Fellow.

e Since graduating, he has worked as a Biostatistician in
academia, hospital/clinical/University settings, varying levels of
government (Local, State, Federal), and at several multi-
international corporations at varying levels including 3M,
Johnson & Johnson, and Edwards Lifesciences.

* He currently is a Senior Director of Clinical Biostatistics at
Siemens Healthineers, where his team supports all stages of
product development from R&D through Market entry.
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The Facts: Study
Design

* Longitudinal Cohort Study — multiple
timepoints and sample categories

* A test device compared to adjudicated
confirmatory diagnostic outcome as
agreed upon by a panel of Physicians

* Primary outcome is Diagnostic
Accuracy i.e. Sensitivity, Specificity,
PPV, NPV and supporting inferential
statistics

* Approximately 30 sites — Emergency
Departments

* Expected Sample Size: n =1500



e Challenges to be Examined:
e Execution was from Spring 2020 — Fall 2022

* As aresult of the study being conducted
during COVID there were issues with:

* Slow enrollment
e Low Prevalence
* Inconsistent Provider Participation of the

The Facts: Study study

* As aresult, there were Protocol revisions due

ExeC Ut|O N to these issues, which possibly resulted in:
e Potential Selection bias — from protocol
changes

e Attrition and Missing Data — due to COVID
and the natural clinical progression of
disease and treatment response

* And itis these two challenges we will
explore in this talk.
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Sampling bias y AC Attrition bias Volunteer bias

Occurs when some members of the 1 Occurs when participants who drop out : People with specific characteristics
intended population are less likely to be of a study systematically differ from are more likely to participate than
included than others the ones who remain. others

Survivorship bias oY Non-response bias f Undercoverage bias

Successful observations or people are D People who refuse to participate or - 1 Some members of a population are
more likely to be represented in the / VA drop out systematically differ from YUY "TJ” inadequately represented in the

oo

sample than unsuccessful ones those who take part. sample

* What kind of selection Bias do we have?

* KEY Question:

Th € | nﬂ uence Of * |s there Consistency of outcome and performance for these various scenarios?
Selection Bias « Descriptive comparison —

* Are revision populations similar?

Challenge 1:

e |s attrition over time an issue?
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Population

Comparison

Siemens Healthineers - Butterfield and Panchal

Revision 2 Revision 3 Overall
Disease outcome
Present 10.3% 10.7% 10.4%
Absent 89.7% 89.3% 89.6%
Age (Years)
Mean (SD) 56.5(14.3) 57.2 (13.7) 56.7 (14.1)
Min-Mox 23.0-8%.0 23.0-89.0 23.0-89.0
Race
White 53.6% 50.9% 52.6%
Black or African American 41.8% 41.4% 41.6%
Asian 0.7% 0.9% 0.8%
Other 1.3% 1.2% 1.3%
Unknown 2.6% 5.5% 3.7%
Hypertension
Yes 70.6% 69.3% 70.1%
No 28.2% 30.5% 29%
Unknown 1.2% 0.2% 0.9%
Digbetes
Yes 34.1% 33.2% 33.8%
No 64.8% 66.1% 65.2%
Unknown 1.1% 0.7% 1%
Lipid Disorder
Yes 42.7% 45.5% 43.7%
No 55.2% 54.1% 54.8%
Unknown 2.1% 0.4% 1.4%
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Prevalence of Missing Results by Timepoint, Revision, and Sample Type

Revision 2 & 3 Revision 2 Revision 3

% Missing % Missing % Missing % Missing % Missing % Missing % Missing % Missing % Missing

(Sample A) (Sample B) (Sample C) (Sample A) (Sample B) (Sample C) (Sample A) (Sample B) (Sample C)
TO
Overall 28% 22% 23% 19% 13% 13% 45% 38% 39%
T2-4 HR
Overall 25% 18% 17% 23% 18% 18% 29% 16% 15%
T4-9 HR
Overall 46% 39% 39% 47% 41% 41% 45% 36% 36%

- Do we see different prevalence of missing results between Revisions? Over time? Between
Sample types?




Performance Between Revisions

10/28/2024

Tull
revision 2
revision 3

Tun
resision 2
revision 3

Tuall

revision 2
revision 3

Tl
resision 2
revision 3

Tl
revision 2
revision 3

Tull
revision 2

revision 3

Tl
resision 2
revision 3

full
revision 2
revision 3

full

revision 2

rewision 3

To-Basaline TO-Baseline TO-Baseline

(T4-9HR]  (T4-GHR]  (T2-4HR] (T2-4HR]  (T2-4HR]

(T4-8HR]

Sengithvity (95% CI)

0.861 ( 0.783, 0.914)
0.848 ( 0.753, 0.911)
0.897 ( D.736, 0.964)

0.851 ( 0.777, 0.904)
0.847 ( 0.756, 0.908)

0861 { 0LV13, 0,900 e o S

0.833 ( 0.759, 0.888)
0.818 ( 0.725, 0.885)
0.868 ( 0.727, 0.942)

0.908 ( 0.839, 0.949)
0.907 ( 0.820, 0.954)
0.912 ( 0.770, 0.970)

0.921 ( 0864, 0.955)
0.920 ( 0.845, 0.961)

0.922 ( 0.815, 0.969)

0.908 ( 0.849, 0.945)
0.909 { 0.831, 0.953)

0.906 ( 0.797, 0.959)

0.918 ( 0.856, 0.955)
0.930 ( 0.856, 0.968)
0.889 ( 0.747, 0.956)

0.917 ( 0.857, 0.953)
0.920 ( 0.845, 0.961)
0.909 ( 0.788, 0.964)

0.918 ( 0.859, 0.954)
0.933 ( 0.862, 0.969)
0.886 ( 0.760, 0.950)

07
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Rate

1.0

10



Performance Between Revisions

10/28/2024

rul
revision 2
revision 3

full
revision 2
revision 3

full
revision 2
revision 3

full
revision 2
revision 3

full
revision 2
revision 3

full
revision 2
revision 3

fusl
revision 2
revision 3

fufl
revision 2
revision 3

Tull
revision 2
revision 3

T0-Baseline TO-Baseline T0-Baseline

(T4-OHR]  (T4=OHR]  (T2-4HR] (T2-4HR]  (T2-4HR|

(T4=OHR)]

Specificity (95% CI)

0.865 ( 0.842, 0.885)
0.866 ( 0.838, 0.889)
0.864 ( 0.819, 0.900)

0.861 (0839, 0881)
0.869 ( 0.843, 0.891)
0842 (0.797,0.878)

0.861 ( 0.838, 0.880)
0.861 ( 0.835, 0.884)
0.859 ( 0.815, 0.893)

0.842 (0.819, 0.863)
0.851 ( 0.822. 0.876)
0.826 ( 0.784, 0.862)

0.841 (0.818, 0.861)
0.852 ( 0.823. 0.876)
0.822 ( 0.782, 0.856)

0.849 ( 0.827, 0.869)
0.850 ( 0.822, 0.875)
0.848 (0810, 0879)

0.813 ( 0.782, 0.840)
0.812 ( 0.772, 0.846)
0.814 ( 0.763, 0.856)

0.809 ( 0.780, 0.835)
0.810 ( 0.772, 0.843)
0.808 ( 0.761, 0.848)

0.815 ( 0.787, 0.841)
0.822 ( 0.785, 0.854)
0.805 ( 0.758, 0.845)

0.7

CIIE o Ny
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Rate
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Challenge 1: Conclusion

e Similar population characteristics between the revisions
* Consistent clinical performance between the revisions

Minimal systematic bias from the revision change 577 9y B
LB
dﬂ%@teﬂ%mm.%y

fowever
WW,
must be
the truih

Sherlock Holmes




Challenge 2: Missing Data

N

Identify if the reasons for
Missing Data for missing are
Systematic and/or Random

Are reasons causal or correlational?

Evaluate missing data patterns

Are they Arbitrary or Systematic?

Then Evaluate Base
Assumptions regarding

Mechanism(s) for missing:

MCAR Assumption
MAR Assumption
MNAR Assumption

“Data, data,
data. I cannot

make bricks
without clay.”
—SHERLOCK
Hoi1MEs

Based on this Evaluation an
imputation approach is selected,
and then appropriate
comparisons are made

Carefully select which statistical processes
will lead to the best insights

10/30/2024 13



Challenge 2: The Missing Data

Revision 2 & 3 Revision 2 Revision 3

% Missing % Missing % Missing % Missing % Missing % Missing % Missing % Missing % Missing

(Sample A) (Sample B) (Sample C) (Sample A) (Sample B) (Sample C) (Sample A) (Sample B) (Sample C)
TO
Overall 28% 22% 23% 19% 13% 13% 45% 38% 39%
T2-4 HR
Overall 25% 18% 17% 23% 18% 18% 29% 16% 15%
T4-9 HR
Overall 46% 39% 39% 47% 41% 41% 45% 36% 36%
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Challenge 2: The Missing Data

e Reasons for missing data
* Clinical environment (COVID)
e Sample collection

Revision change

Attrition over time

Clinical pathway

Operational difficulties

10/28/2024 Siemens Healthineers - Butterfield and Panchal 15



How to Assess Missing Data?

e Concepts of MCAR, MAR, and MNAR

 Start with the likelihood of a data point being
missing (Rubin, 1976)

* i.e. what is the missing data mechanism or
response mechanism?

 What are the missing data patterns?

* Are there systematic factors (i.e. study execution,
sample collection difficulties)

10/28/2024 Siemens Healthineers - Butterfield and Panchal 16



SIEMENS ..,

I\/l CA R Healthineers “:**

* Missingness is independent of both the observed data and unobserved
data.

+ Observed Values + Missing Values

17



SIEMENS ..,

I\/l A R Healthineers

* Missingness depends on the observed data values but does not depend on

the unobserved data values.
MAR

+ Observed Values + Missing Values

18



MNAR

* Missingness depends on the unobserved data values.

L)

MNAR

+ Observed Values + Missing Values

SIEMENS ...
Healthineers -
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% Missing, % CC of Sample Types and Time By Revision

e e R2 R3
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@ =
30 4 -
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30 e =
£ 20 4 =
201 I EREEEEEr -:q .............................................. P RETTEETTTTTPEPP
L 10
) b o cec = [4?1%] ce= [34_30}01 cCc= (4?.2%] cc = {43.3'%-)
10 T T T
0 t1 t2 0 1 t2 A B A B c
time sample type
Note: cc= complete cases Note: cc= complete cases
Time:
Sample Type:

* Trend is similar to sample type
* However, the magnitude of displacement varies across time.
* Consequence of Rev 3 is evident in upper righthand corner

* Shapes are vastly different by revision
* Within revision, shapes and magnitude across time are
consistent by sample type
“Completeness” was the most consistent across sample types at R2 baseline



SIEMENS ...

W h at tO d O s Healthineers -

Category Treatment

MCAR Deletion

Missing Completelyat Random Rows or Columns

Data

MAR Imputation
Missing at Random Single or Multiple

MNAR Improve or Sensitize

issing

Missing Not at Random Find Data or Best/Worst Case

\Y
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Missing Data Pattern — ITD Population

Obs Group A TO A T2 4 A TA 9 B TD B T2 4 B T4 9 C T0O C T2 4 C_T4 9 Freq  Percent

1 1 X x x x XK x X x x 466 30.56
2 2 x X L x |x — 214 14.03 * Only 466 (30.56%) of Patients are
3 88 x x X x x x 98 6.43
s mix x| x , s 426 complete-cases (sample types and
5 24 | X x . x X x X x x 42 275 . .
6 122 . x X X X x X 39 2 56 tlmlng)-
T 109 x X X 29 1.90 0 H
= _ N _ Y _ o * Only 24(1.6%) of Patients are
3| 124, x |x x_ |x 25| 1.4 complete-missing due to PDs.
10 102 x X X X X R 24 1.57 . . .
1 141 0 o© o o o o o o o 24| 157 * Arbitrary missing data pattern
12 65 X x x ® X 22 1.44 . . .
3| e x x x [x x X |x x 22| 1.4 e Reasons for missing — Systematic
14 132 | . X x N X x 21 1.38 d d
15 8 X x X X X X X 17 111 an Ran Om'
16 52 X x x x X x 17 111
17T 37 X x x . X . . 15 0_98
18 105 | . x - . x x - x x 14 0.92
19 117 | . X . X X - x x 14 0.92
20 129 X X 14 0.92
21 43 | X x x . X 11 0.72
A
134 127 | . B x . x . B x 1 0.07F
135 128 | - x x 1 0.07
136 130 x - : . x 1 0.07
137 133 b4 x 1 0.07
138 135 | . . . . X 1 0.07F
139 136 | - . B R B x XK x x 1 0.07F
140 137 | . . R R . x . R x 1 0.07
141 138 X x 1 007

X =the variable is observed. ¢ or O = the variable is missing.
10/28/2024 Siemens Healthineers - Butterfield and Panchal 22



MNAR

Example of Delta-
Adjustment Strategy for
the Hamilton Depression

Study.
-Solid lines: completers;

-dash lines: dropouts at
fourth week;

-dots: experimental
group;

-circles: control group.

Predicted Response

Predicted Response

10

25

20

15

10

25

20

15

MAR (Delta=0)

3 4 5 6 7 8

Measurement occasion (week)

Delta=2

9

10 N

T T T T T T

3 4 5 6 7 8

Measurement occasion (week)

T

9

T T

10 N1

Predicted Response

Predicted Response

10

25

20

15

10

25

20

15

Delta=1

—

2

3 4 5 6 7 8

Measurement occasion (week)

Delta=3

9

10 11

-

2

T T T T T T

3 4 5 6 7 8

Measurement occasion (week)

T

9

T T

10 1
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MNAR

We performed a sensitivity analysis assuming MNAR data to determine the bounds of the
imputation.

We assumed two scenarios for the missing observations assuming missing not-at-random.
o Scenario 1: Missing values were higher than the observed values. (Positive shift: +1.14)
o Scenario 2: Missing values were lower than the observed values. (Negative shift: -1.14)

The robustness of the estimates was assessed by comparing the performance estimates between
available data and imputed data under MAR and MNAR assumptions.



sample Type | &

A 1.3
TO-Baseline B 1.35
C 1.5
MNAR — Shift g 1‘55
Justificatior C 1.6
A 0.775
Difference in Mediap Resu!ts for All B 0.1
Sample Types and Time Points C 1.05

25



Results For Challenge 2: Missing Data

Comparison of Sensitivity Estimates — TO-Baseline

Available Data Imputed Data
Sensitivity (95% CI) Sensitivity (95% CI)
(7] Qo
full ﬁ % 0.861 ( 0.783, 0.914) I « B full § 0.821 ( 0.747. 0.881) .
1] »] —
revision2- g < 5 0.848(0.753.0.911) e —— revison2 & <« §  0.847(0.762,0.907) —— n—
revision 3 = = 0.897 ( 0.736, 0.964) ——— (- E— _ _a
265 070 0.80 090 ' 00 revision 3 o 0.778 (0.637, 0.886) e o ey
Rate 8
full £ g 0.810 ( 0.736, 0.870) e T— o A1
revision 2 g < ¥ 0.843 (0.758, 0.903) I ©
c
revision 3 é E  0755(0.618,0862)  o— —
full % § 0.860 (0.793,0.911) e o ==
revision 2 § < § 0.857 (0.773,0.913) Erm— - zE—
revision 3 F'-’ E  0.867 (0.746, 0.943) P C— > So——
06 07 08 09 1.0
Rate

Note: ‘O’ on the bar is the point estimate; full = dataset including data from revisions 2 and 3; available = dataset with available results; mar
= data imputed under MAR; mnar.neg = data imputed under MNAR with negative shift; mnar.pos = data imputed under MNAR with positive
shift.
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Results For Challenge 2: Missing Data

Comparison of Sensitivity Estimates — T2-4HR

Available Data Imputed Data
Sensitivity (95% CI) Sensitivity (95% CI)
ol DI i s s I ul & 0.886 ( 0.824, 0.929) — » im—
revision2 T <« = 0.907(0.820,0.954) =—=- o 5 - 6.8 0990045 .
3 je——
revision3 & 3 0912(0.770,0970) ey il T - Wi v
065 0.70 0.80 0.90 100 revision3 = 0.865 (0.749, 0.937) S E—
Rate
ful g i 0.881 ( 0.819, 0.925) e
I —
revision2 T < g 0.896(0.820, 0.943) —— -
c
revision 3 g E  0.857 (0.737, 0.933) e o S
full g 8 0.895(0.832,0.940) sSS
=%
revision2 T <« § 0.899(0.822, 0.946) —
c
revision 3 g £ 0.888 ( 0.768, 0.962) [ESSSSSSSe R ——
08 09
Rate

Note: ‘O’ on the bar is the point estimate; full = dataset including data from revisions 2 and 3; available = dataset with available results; mar
= data imputed under MAR; mnar.neg = data imputed under MNAR with negative shift; mnar.pos = data imputed under MNAR with positive
shift.
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Results For Challenge 2: Missing Data

Comparison of Sensitivity Estimates — T4-9 HR

Available Data

Sensitivity (35% CI)
0.918 ( 0.856, D.955) T full
0.930 ( D.858, D.288) I B revision 2

0.880 (0.747. D.958)

full

available

[
revision 2 E, <<

-

= « I— revision 3

0.65 0.70 0.80 0.90 1,00
Rate full

revision 2

revision 3

revision 3

full
revision 2
revision 3

(T4-9HR]  (T4-9HR]

(T4-9HR)

mar

mnar.neg

mnar.pos

Imputed Data

Sensitivity (95% Cl)

0.899 ( 0.841, 0.939)
0.910 ( 0.836, 0.953)
0.882 (0.771, 0.946)

0.892 ( 0.833, 0.933)
0.911( 0.838, 0.953)
0.862 ( 0.748, 0.931)

0.912 ( 0.854, 0.950)
0.920 ( 0.845, 0.964)
0.898 ( 0.791, 0.957)

N E—— el & EEEE———]

===
pem——————— |

08 09 1.0
Rate

Note: ‘O’ on the bar is the point estimate; full = dataset including data from revisions 2 and 3; available = dataset with available results; mar
= data imputed under MAR; mnar.neg = data imputed under MNAR with negative shift; mnar.pos = data imputed under MNAR with positive

shift.

10/28/2024 Siemens Healthineers - Butterfield and Panchal

28



Results For Challenge 2: Missing Data

Comparison of Specificity Estimates — TO-Baseline

Available Data Imputed Data
Specificity (95% CI) Specificity (95% Cl)
Q
full % v 0.865 ( 0.842, 0.885) =0 ul £ 0.851 ( 0.828, 0.871) = o
revision2 g < =2 0:566-¢0.536,0.689) 3 B revision 2 g < g 0.855 ( 0.829, 0.878) =
R 3 : 2 0BB4(0B19 00900 = =ewmme o z
revision 3 8 © 0.864 ( 0819 OW) ! — o revision 3 é 0843 ( 0801, 0880) - P
0.7 0.8 0.9 1.0 ®
Rate ul £ 2 0.868 ( 0.847, 0.886) ]
revision2 8 < 5 0862 (0.837,0.884) e
c
revision 3 é € 0877 (0.841,0.907) F— v =
)
ul £ @ 0.799 (0.773, 0.824) o 0
Q
revision 2 § < & 0.835(0.808, 0.860) ===
c
revision 3 é E 0737 (0677,0793) e
07 08 0.9
Rate

Note: ‘O’ on the bar is the point estimate; full = dataset including data from revisions 2 and 3; available = dataset with available results; mar
= data imputed under MAR; mnar.neg = data imputed under MNAR with negative shift; mnar.pos = data imputed under MNAR with positive
shift.
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Results For Challenge 2: Missing Data

Comparison of Specificity Estimates — T2-4 HR

Available Data Imputed Data
Specificity (95% CI) Specificity (95% Cl)

Ml g @ 0842(0819,0869) — il & 0.840 ( 0.818, 0.859) —
revision2 ¥ < = 0.851(0.822,0.876) R — revision 2 ? < g 0.847 ( 0.820, 0.870) = =
revision3 £ 3 0826(0.784,0.862)  e——m— e s B 0.827 ( 0.790, 0.860) o T

08 09 1.0
Rate ful & ® 0.847(0.826, 0.867) B0 o 1
revision2 ¥ <« §  0855(0.829,0.879) —oymm
revision3 & E  0.833(0.796, 0.865) S —
Wl F g 0804(0781,0826) e
revision2 ¥ <« § 0809(0.778,0.838) o= ==
revision3 £ € 0.795(0.755, 0.831) smmmme m—mn
0.7 0.8 0.9
Rate

Note: ‘O’ on the bar is the point estimate; full = dataset including data from revisions 2 and 3; available = dataset with available results; mar
= data imputed under MAR; mnar.neg = data imputed under MNAR with negative shift; mnar.pos = data imputed under MNAR with positive
shift.
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Results For Challenge 2: Missing Data

Comparison of Specificity Estimates — T4-9HR

Available Data Imputed Data
specificity (95% CI) Specificity (95% Cl)

il € @ 0813(07620840) o il & _ 0.823(0.789,0.856) et o pmn
revision 2 f,:< 2 0812(0.772,0.846)  —m— revision2 9 g 0.830 ( 0.792, 0.865) — o
revision3 £ ® 0814 (0.763,0.856) mmm—"om— revision 3 E'-, 0.811 (0.756, 0.862) (— o TE—

08 09 10
Rate ull & @ 0.850 (0.826, 0.871) e
revision2 ® - § 0.854(0.824,0882) ———
revision3 = £ 0.842(0.805,0.873) S
ul & g 0.736 (0.699,0.771)  mmemm—
revision2 9 o & 0.738(0.693,0.781)  ee——em—
revision 3 E E 0.732 (0679, 0.781) o mm——
0.7 08 09
Rate

Note: ‘O’ on the bar is the point estimate; full = dataset including data from revisions 2 and 3; available = dataset with available results; mar
= data imputed under MAR; mnar.neg = data imputed under MNAR with negative shift; mnar.pos = data imputed under MNAR with positive
shift.
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Challenge 2: Conclusion

* Robustness of the performance estimates in response to departures
from underlying assumptions (MAR and MNAR).

* There was found to be consistency between the observed data and
the imputed scenarios, even with the underlying MNAR assumptions.

INTUITIONS ARE NOT TO BE
IGNORED. THEY REPRESENT

DATA PROCESSED TOO FAST
FOR THE CONSCIOUS MIND
TO COMPREHEND.
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Forensic Review:
Lessons Learned

e Selection Bias

* If not preemptively accounted for, then this can
produce issues with generalizability and
representativeness of the intended population.

* Frequent and clear communication with the
regulatory body helps to minimize this risk.

* Missing Data
* Pre-specification of missing data handling plan is a
must, alignment on this approach with regulatory
agencies IS jUSt best practlce.

* Challenges within imputation are varying but having
specifics as to which analysis variables and design
elements need to be accounted for is a crucial step to
success.

* The best treatment for missing data is to prevent
having missing data.

10/28/2024 Siemens Healthineers - Butterfield and Panchal

,“'

0 4 WHAT WE CALL PREMONITION IS

| ém MOVEMENT OF THE WEB.
4 [FYOUCOULD ATTENUATETO

o RY STRAND OF QUIVERING

_ DATA, THE FUTUREWOULD
YRR ENTIRELY CALCULABLE. AS
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