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Historical perspective on QTLs

Predefined quality tolerance limits should be established

E6(R2) 2016

Detection of deviations from the predefined quality tolerance limits should
trigger an evaluation to determine if action is needed.

E8(R1) 2021 mmmm  |ntegrating Quality by Design (QbD) into study design and conduct

, the sponsor should set pre-specified acceptable ranges (e.g., quality
tolerance limits at the trial level) to support the control of risks to critical to quality
factors.

A

E6(R3) 2025

Where deviation beyond
these ranges is detected, an evaluation should be performed to determine if there is a
possible systemic issue and if action is needed

Grounded in the foundational principle of QbD - Applying
the foundation of E8 to the conduct of clinical trials
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QTL definition (TransCelerate 2017)

A level, threshold or value that defines an acceptable range which is associated with a parameter that
is critical to quality (CtQ)

Parameter Threshold
Trial variable to be Designed to detect

assessed at trial level, potential issues that
CtQ factor could be mitigated

“A QTL parameter is appropriate for a mitigable risk if it is detectable, interpretable and measurable”
(Keller et al., 2024)

CtQ factors define WHAT is worth of measuring
QTLs implementation defines HOW to monitor these CtQ factors (setting ACCEPTABLE DEVIATIONS)

Examples:

% or # of participants randomized who do not meet
inclusion/exclusion criteria

% or # of participants with withdrawal of IC AND/OR
are lost to follow-up

% or # of participants with premature discontinuation
of IP

Etc.
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Methods for implementing QTL monitoring
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An Overview of Current Statistical Methods
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Statistical Process Control (SPC) Charts:

* Observed Minus Expected (O-E) Difference Charts
* Observed/Expected (O/E) Ratio Charts

e Cumulative Proportion Charts

Bayesian Methods:
* Beta-Binomial Model
e Bayesian Hierarchical Model (BHM)
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Introductory example and notation

Suppose our QTL is the % of patients who * Since patients are independent, the theoretical
prematurely discontinue treatment. distribution of the occurrence of the events in
The contribution of each patient is identical the trial is a Bllfnclng?Aomial(n )
(patients are independent of each other) n /P
and the probability of the event of interest is
constant (patients enrolled in the clinical e .
trial are sharing similar baseline Non tolerable range:
characteristics following the same protocol). S process s aueranly
Seronaa it |- wa% % #0a%tet e | T e ot
. ® - | zrétfs:rf: gzrotfhsuality
Occurrence of the event of interest for each o - > -
patient can be regarded as a Bernoulli event
X ~ Bernoulli(p) Goal of QTL monitoring:
Trigger an action early enough to prevent QTL
Letn = 1, ..., N be the number of patients breach at the end of the trial (and minimizing the
randomized at a given time point in the trial False alarm rate)
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https://www.transceleratebiopharmainc.com/wp-content/uploads/2017/09/Risk-Based-Quality-Managment.pdf

SPC Control charts

Frequentist approach, but secondary limits not fixed but dynamic

Observed minus Expected (O-E) Cumulative (rolling) proportion
Cumulative sum of differences between Proportion of events is expected to be
Observed events and Expected events constant throughout the trial

Yn —npg Secondary limits can be determined using
Secondary limits corresponds to upper 95t 95t quartile of binomial distribution, exact
quartile of the binomial distribution limits or asymptotic limits

(asymptotic limits are possible too)

Cumulative Propodion

Obseved/Eexpected (O/E) Ratio

0 50 100 150 200 250 300

Cumulative Number of Subjects
Dotted Line = QTL, Short Dash Line=Secondary Limit,
Medium Dash Line=Expected, Solid Line = Obsernved Data

Figure 5 A Cumulative proportion chart using a binomial quantile method for an in-control process, B Cumulative proportion chart using an
. . exact method for an in-control process, C Cumulative proportion chart using asymptotic method for an in-control process.
Figure 4 OJ/E chart on significant protocol deviations.
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Beta-binomial model
Historical data can be used for the prior distribution of the unknown parameter
p~Beta(nypo, no(1 — po))
Then the posterior distribution of p|y,_, nopo, no(1 — po) follows a Beta(n;py,ny(1 —py))

NoPo+Yn

where p; = "
1

andn; = ny +n,

The posterior predictive distribution can be derived as a beta-binomial distribution

The median of the posterior predictive distribution is then used as a measure to assess whether the
current observations exceeds the QTL threshold

The QTL monitoring uses the 95t quantile of historical data with the 80t quantile of the prior
predictive distribution as secondary limit

Historical data used should be sufficiently homogeneous with current trial data
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Bayesian Hierarchical Model (BHM)

BHM for use in QTLs was proposed by the statisticians in the Roche Central Statistical resource
team (lead Chris Wells) and inspired by a Bayesian meta-analysis of clinical trials data presented
by Berry et al (2010)

It allows to consider sites heterogeneity R;~Bin(p;, k;)
Patients are nested in sites and probability of event may vary among sites

Each site proportion is a sample from a population with distribution 8;~Beta(a, ).
The parameters a and 8 are hyperparameters that are also random, with distribution h(y) and g(w), respectively

BHM uses the quantiles of the posterior distribution of the probability of the event to define the
QTL for the metric of interest (M). This can happen in isolation or with reference to historical
data obtained by similar previous studies.

The classification rule for BHM is based on the median m, that is compared with pre-defined

limits [;;(p).
If M > l,;(p) then QTL status is defined as breach, otherwise the study is considered not needing

further analysis

Event rate


https://github.com/openpharma/rbqmR

Evaluation of current statistical methods
for implementing Quality Tolerance Limits

All methods were compared using simulated data with N = 300
subjects and pre-defined probability of event.

Research Article

Evaluation of current statistical methods for implementing Ten different probabilities (0.01, 0.03, 0.05, 0.06, 0.07, 0.1, 0.14, 0.15,

Quality Tolerance Limits 0.20, 0.30) were selected to simulate the data under IC and OOC
Rakhi Kilaru &% (2, Sonia Amodio (2, Yasha Li (3, Yuling Zeng, Arseny Khaplonov, Zhongkai Wang 2, Christine Wells €2, Sharon Love (3, .
Tim Rolfe 3 & Susan Talbot .show less Sce N a rIOS

Received 26 Nov 2024, Accepted 09 Oct 2025, Accepted author version posted enline: 29 Oct 2025

Statistics in Biopharmaceutical Research »
3 - Table 1 Simulation Set-up (Objective 1)

e Latest Articles
Optimal q True Values — True Values — ) )
Submit an article Expected Values (BHM only) In Control Out of Control Interim Reviews
B 0.01 0.80 0.01 0.03 20, 50, 100, 150, 200, 250, 300
0.03 0.87 0.03 0.06 20, 50, 100, 150, 200, 250, 300
0.05 0.83 0.05 0.1 20, 50, 100, 150, 200, 250, 300
0.07 0.79 0.07 0.14 20, 50, 100, 150, 200, 250, 300
0.1 0.77 0.1 0.2 20, 50, 100, 150, 200, 250, 300
0.15 0.795 0.15 0.3 20, 50, 100, 150, 200, 250, 300

For each scenario, 1000 independent simulations were generated.

Aim: provide insights into the performance

of different QTLs monitoring methodologies For BHM only, 5 sites were used in each simulation.
under controlled conditions, using performance

metrics
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eAssess starting point to
initiate QTL monitoring
(20,25,30,35,50)

*Assess methods on how
well they performed when
considering a confirmed

breach (i.e., 2 consecutive | . :
breaches). Objective 1

-

eEvaluate each method wrt
FAR, AR, and ARL over a
fixed sequence of interim
looks
(20,50,100,150,200,250,
300)

11

Objectives

False Alarm Rate (FAR):
proportion of in-control

processes that are incorrectly
identified as out-of-control

Metrics

Alarm Rate (AR): proportion
of out-of-control processes
that are correctly identified as
out-of-control

Average run Length (ARL):
average number subjects at
which a breach occurs for the
first time among all interim
looks:

¢ In-control ARL: average number of
subjects before a false alarm occurs

¢ Out-of-control ARL: average
number of subjects before a true
alarm occurs
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Interim Review

Interim Review

Objective 1: fixed sequence of interim looks

In-Control processes (FAR)

Beta-Binomial BHM O-E
300 7.5% 3.8% 1.2% 1.5% 0.3% 2.2% 14.7% 7.2% 5.2% 2.2% 0.5% 0.0% 5.6% 5.7% 7.8% 5.6% 5.9%
250 10.2% 3.4% 2.3% 23% 0.2% 1.9% 17.5% 8.5% 6.5% 3.4% 1.3% 0.2% 4.7% 5.2% 8.3% 5.8% 6.5%
200 13.6% 2.8% 2.4% 3.4% 0.5% 2.3% 19.2% 8.2% 6.8% 6.1% 2.7% 0.3% 5.6% 4.7% 8.0% 6.8% 8.0%
150 | 182% | 6.8%  51%  29%  16%  20% 13.1%  84%  100%  8.8%  60%  04% 58%  54%  98%  7.7%  93%
100 9.5% 6.3% 8.7% 4.8% 4.6% 4.3% 23.0% 8.9% 13.6% 11.5% 9.6% 2.7% 6.4% 6.1% 10.5% 9.2% 9.3%
50 9.4% 0.9% 12.3% 5.9% 6.1% 3.0% 15.2% 23.3% 20.1% 19.3% 9.6% 6.5% 5.8% 9.1% 9.3% 8.6%
20 [ONARN tosw  esw | i76%  147% | 22% 25.9% 53%  65% | 125%  93%  87%

0.01 003 005 007 0.1 0.15 0.01 003 005 007 0.1 0.15 0.01 008 005 007 0.1
Real probability of event Real probability of event Real probability of event

Cumulative Proportion - Asymptotic Cumulative Proportion - Quantile Cumulative Proportion - Exact
300 7.5% 6.3% 5.3% 3.8% 4.3% 5.2% 31% 3.8% 5.3% 3.8% 2.5% 5.2% 1.2% 1.9% 3.0% 2.3% 2.5%
250 47% 6.9% 5.5% 3.3% 5.2% 6.5% 4.7% 3.4% 5.5% 3.3% 3.3% 46% 1.1% 2.0% 3.5% 2.3% 2.0%
200 5.7% 6.2% 3.9% 5.5% 6.3% 5.0% 1.8% 2.8% 3.9% 3.4% 3.3% 5.0% 0.5% 1.2% 2.4% 2.6% 1.8%
150 7.5% 6.8% 9.1% 5.3% 5.0% 6.0% 2.6% 21% 5.1% 2.9% 5.0% 3.0% 0.3% 1.1% 2.4% 1.2% 2.9%
100 9.5% 6.3% 8.7% 4.8% 7.0% 8.0% 2.8% 2.2% 4.0% 4.8% 4.6% 4.3% 0.6% 0.3% 1.6% 21% 2.5%
50 9.4% 57% 4.5% 5.9% 6.1% 7.5% 2.2% 0.9% 4.5% 2.2% 3.0% 3.0% 0.0% 0.1% 1.3% 0.6% 3.0%
20 [HBB% 108% 5% 47%  43%  7.7% 2A%  18%  20%  A7%  43%  22% 00%  00%  04%  1.0%  09%

0.01 003 005 007 0.1 0.15 0.01 003 005 007 0.1 0.15 0.01 003 005 007 0.1
Real probability of event Real probability of event Real probability of event
. .
SPC methods perform well (especially cumulative
. .
proportion charts) when pg and sample size (n) are
. .
sufficiently large
BHM tends to work better than most method for early
. . .
detection in OOC processes, but less well in IC
processes.

Beta-binomial does not yield reliable results with a
small sample size (n < 20) and a low event rate
(Pexp = 0.01), but performs well for higher pg and is
comparable with BHM for OOC processes

8.0%
B.6%
8.7%
9.8%
10.7%
11.7%
11.5%
0.15

3.8%
29%
3.6%
3.0%
2.3%
3.0%
22%

0.15

Interim Review

300
250
200
150
100

50

20

Out-Of-Control

Beta-Binomial

87.8%
86.6%
84.2%
82.7%

“

0.03

80.8% 87.1% 96.6% 98.6%
73.2% 82.4% 95.6% 96.5%
65.9% 78.0% 92.9% 95.6%
B8.5% 74.3% 84.8% 91.7%

0.06

88.4%
71.4%

0.1 0.14 0.2
Real probability of event

Cumulative Proportion - Asymptotic

87.8%
76.2%
71.9%
64.7%

87.0% 96.0% 98.6% 100.0%
81.8% 92.4% 96.8% 99.9%
76.4% 85.8% 95.4% 99.5%
68.5% 83.0% 89.5% 96.1%

0.06

68.8%

75.4% 93.2%

71.4%

0.1 0.14 0.2
Real probability of event

100.0%
100.0%
100.0%
99.3%
97.4%
79.2%

-

0.3

100.0%
100.0%
100.0%
99.9%
988.5%
86.4%

B

92.5%
90.1%
84.1%
72.4%
73.2%
71.5%
66.0%
0.03

*‘ Objective 1

eEvaluate each method wrt
FAR, AR, and ARL over a
fixed sequence of interim
looks
(20,50,100,150,200,250,
300)

83.3%
77.8%
73.4%
68.1%

69.8%

processes (AR)

94.3% 97.8% 99.7%
90.5% 96.7% 98.8%
87.5% 93.9% 97.9%
81.4% 91.0% 95.9%
76.0% 84.6% 91.9%
68.9% 75.3% 85.2%
62.6% 76.3% 79.5%
0.06 0.1 0.14 02

Real probability of event

Cumulative Proportion - Quantile

80.3%
76.2%

80.8%
73.2%
65.9%

0.06 0.1
Real probability of event

96.0% 98.6% 98.9%
92.4% 96.8% 99.6%
85.8% 92.9% 98.7%
74.3% 84.8% 96.1%

75.4%

0.14 0.2

100.0%
99.6%
99.1%
97.7%
983.8%
88.1%
81.5%

0.3

100.0%
100.0%
100.0%
99.6%
97.4%
79.2%

J/
O-E
83.9% 85.0% 97.0% 98.8% 99.9% 100.0%
76.2% 78.1% 94.5% 97.2% 99.8% 100.0%
T11% 72.3% 88.8% 95.0% 99.3% 100.0%
59.1% 62.6% 84.8% 89.7% 97.7% 99.9%
80.6% 91.9% 98.7%

72.8% 89.1%

0.03

0.06 01 0.14 0.2 0.3
Real probability of event

Cumulative Proportion - Exact
68.5% T2.8% 93.6% 97.6% 99.9% 100.0%
62.5% 62.0% 88.4% 95.6% 99.5% 100.0%
78.0% 89.7% 97.8% 100.0%
64.5% 79.4% 94.3% 99.6%
B67.7% 80.9% 94.7%

79.2%

0.06 01
Real probability of event

0.14 0.2 03
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Table 2 Simulation Results (Objective 2)

Objective 2: confirmed breaches

Real probability of Expect.e.d ARL ARL FAR FAR AR AR
event probability Method .
{in) (out)  (unconfirmed) (confirmed) (unconfirmed) (confirmed)
(For out-of-contral) of event
Beta-Binomial 323 84 19.6% 19.1% 99.4% 98.9%
BHM 233 85 48.2% 26.5% 97.5% 92.2%
O-E 328 133 14.7% 7.4% 88.1% B85.0%
Cumulative Proportion 3., g, 18.1% 9.8% 91.4% 82.3%
0.03 0.01 - Asymptotic
Cumulative Proportion 5,045, 7.7% A.6% 84.0% 74.7%
— Quantile
Cumulative Proportion ., 175 2.1% 0.9% 71.8% 60.3%
— Exact
Beta-Binomial 362 153 5.6% 4.4% 88.1% B83.7%
BHM 298 121 2.7% 12.0% 91.6% B81.4%
0O-E 324 126 16.5% 8.3% 90.1% B87.9%
Cumulative Proportion
317 82 17.3% 9.1% 92.1% 86.2%
0.06 0.03 - Asymptotic ’
Cumulative Proportion o 114 7.5% 3.8% 86.0% 85.3%
— Quantile
Cumulative Proportion 55 4y 3.6% 1.9% 77.0% 62.9%
— Exact
Beta-Binomial 352 105 8.0% 7.6% 94.1% 91.5%
BHM 278 86 31.3% 13.4% 97.5% 93.3%
O-E 295 87 25.7% 12.7% 98.1% 97.4%
Cumulative Proportion
322 60 15.6% 9.0% 97.6% 94.2%
0.1 0.05 - Asymptotic ’
Cumulative Proportion
. 332 65 12.4% 6.7% 97.4% 93.7%
— Quantile
c“m“'a'ﬂ";zgfpm“’” 351 82 6.6% 3.5% 95.5% 89.1%

Objective 2

Assess methods on how
well they performed
when considering a
confirmed breach (i.e., 2
consecutive breaches).

J

ARL is generally high in IC processes
and low for OOC processes across
all methods.

Alarm rate (AR) is generally high in
both unconfirmed and confirmed
breaches

FAR for confirmed breaches is
generally lower than for
unconfirmed breaches
Confirmation approach can reduce
false alarm rate in monitoring.
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Objective 3: interim looks starting point

Expected probability = 0.07

ARL (in) ARL (out)
O-E 334 338 343 340 345 O-E
Cumulative Proportion - Quantile 334 338 343 340 345 Cumulative Proportion - Quantile
Cumulative Proportion - Exact 354 356 353 356 357 Cumulative Proportion - Exact eAssess starting point to
Cumulative Proportion - Asymptotic 321 309 319 315 329  Cumulative Proportion - Asymptotic initiate QTL monitoring
BHM BHM (20,25,30,35,50)
Beta Binomial 339 327 339 339 Beta Binomial
20 25 30 35 50 20 25 30 35 50
First Interim First Interim
AR FAR
O-E 98.89% 98.9% 98.89% 98.9% 98.9% O-E
Cumulative Proportion - Quantile  98.9% 98.9% 98.9% 98.9% 98.9% Cumulative Proportion - Quantile
Cumulative Proportion - Exact  97.9% 97.9% 98.0% 97.9% 97.9% Cumulative Proportion - Exact
Cumulative Proportion - Asymptotic  99.0% 99.0% 99.1% 99.1% 99.0% Cumulative Proportion - Asymptotic
BHM  99.5% 99.3% 99.3% 99.3% 99.2% BHM
Beta Binomial  98.3% 97.7% 97.8% 97.7% 97.7% Beta Binomial
20 25 30 35 50 20 25 30 35 50
First Interim First Interim
* All methods seem to perform well for IC processes for varying pg (BHM initially worse but becoming incrementally better
as pg increases)
°

interim look).
* BHM performs quite well for OOC processes

All methods perform reasonably well for OOC processes (especially with increase in sample size selected for the first

Merus




Conclusions

Fixed limits are often set to align with what is desired rather than considering historical data

and/or expert knowledge

While there may be practical advantages of using fixed limits as early warning signals, the use of

fixed limits as QTLs can be ambiguous

Investigating a breach is a costly activity (i.e., it requires multiple perspectives and personnel
performing the necessary due diligence to investigate root cause) and hence, setting the fixed

limits too low can result in a false alarm resulting in wasting precious resources.

Statistically based monitoring methods have the potential for better operating characteristics

than simple, fixed thresholds

Merus



There is no best and no worst statistical
method to perform QTL monitoring

- Cumulative proportion charts perform
well for both IC and OOC scenarios

- Observed minus Expected and Beta
Binomial model perform moderately well

- BHM works quite well in detecting
breaches when process is OOC at earlier
interim review, but not for IC processes
especially with lower expected
probabilities

Take home messages

The choice of the method to use to
monitor QTLs should not be only based
on overall performance

There is a trade-off between method’s
performance, statistical complexity,
strength of assumptions, and feasibility
that needs to be factored into the choice
of the method to use.

Advantages of statistical methods
thresholds over fixed limits

Statistically based monitoring methods
seem to have better operating
characteristics over fixed limits, which may
be still advisable for small and early phase
studies where close follow-up is not
feasible

Merus
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