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Background Results'

 Clinical and cognitive endpoints routinely

Analyses across all visits from all studies
deployed in Alzheimer’s disease (AD) clinical showed:
trials are vulnerable to administration and .

Figure 1. Outcome change outliers

_ 80000 6% contained at least one extreme outlier;
scoring errors. | |
« 12% contained at least one moderate outlier;

« Scoring errors can impact data reliability and
validity, potentially reducing ability to detect
treatment effects.

« 24% contained at least one mild outlier.
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. Outlier Extreme outliers were most common in:
* Risk-based approaches are recommended for o @ cxtreme | |
data quality monitoring-2 S . @ Moderate 1. Discordance betwgen outcorii_es measuring
o o - @ Vi related constructs in 8% of visits
« Statistical approaches to data monitoring offer an O (None) o | | |
objective approach to detect anomalous scores 2. S:Eatistic_aily large change in a single outcome in
across large scale clinical trial datasets and 0000 5% of visits
identify opportunities for data quality 3. Multivariate outlier detection across outcomes in
improvement interventions34 2.5% of visits
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MMSE total score
process for AD clinical trials. Fiqure 2. Discordant eutcomeoutliers « Statistical data monitoring offers a scalable and
efficient approach to identifying anomalous
scores and potential errors in Alzheimer's
Disease and other dementia clinical trials.
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* Approaches can be generalized to clinical trials
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o = B-B-- S | disorders, pediatrics, rare diseases, etc.

« Data were drawn from several multi-national AD S H B B B g Outlier

clinical trials. T SHs § = e @ oxeme * This approach creates opportunities for early
2 40 8 B B @ Moderate detection of data quality issues that can be
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» Atotal of 41,245 visits with a combined 746,726 9 “HH @ wid remedied by interventions, such as

outcome scores across scales were examined. S ell- . O (None) supplemental rater trairiirig anq specific |
< = 8 feedback on scale administration and scoring
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Procedure procedures.

* Anomaly detection analyses were developed for o . Statistical data monitoring can be integrated as
each study, configured for the set of scales and an additional tool for maintaining data quality of
outcome scores included in the study. 0 cognitive endpoints in AD clinical trials.
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Analyses CDR sum of boxes score * Integration with centralized data and reporting

e Figure 3. Multivariate outcome outlier systems enables statistical mor_iitoring tc_) _

* Analyses compared individual outcome scores become part of a broader, continuous clinical
within a scale, as well as combinations of 80 quality management strategy
outcome scores across one or multiple scales. .

Statistically | ) ch | * These methodologies can be used to support

° atistically large cnanges. Lnanges in a small and large Phase 2 and Phase 3 clinical
single outcome that are greater in magnitude 60 trials for anomaly detection and resolution.
than other changes. v
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Figure 1. Outcome change outliers
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Figure 2. Discordant outcome outliers

ler

Outl
. Extreme

. Moderate

)
atd

DO

@10 0)B@viao) _ O

- d-

@)@

.}'. .I.

@ ]

(L

) @)

Q@O0 I D

() (O

(@ @@

wm@mugaﬁ%ﬁ‘

V0RO
.E.ﬂ.% .ﬁ.g 00(C A.

5_W.Hr_______gv__,,__q ____

LA EA

_S_;_:_m

0 ﬁ _H@é% ”.H@__g.___._gv..__
)] %_._63 D0

.v..

~. .

80

o o = -
O < ™

2102S |P10) bOo)H-SYQV

15

10

CDR sum of boxes score



Figure 3. Multivariate outcome outlier
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