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» Several rating scales are used in Alzheimer’s Disease (AD) to describe the The objectives of this analysis were to build a multi-
heterogeneity of the disorder as a collection of cognition, daily function, endpoint item-response model (MIRM), integrating data
behaviour and quality of life assessments. from different clinical scales. The performance of the

* They remain nonetheless an arduous and lengthy procedure for both MIRM was tested within o Conceptual raondomized trial
physician and patient/caregiver [1]. These scales have demonstrated low framework, created entirely from pooled placebo dato

efficacy signal to noise ratio [2], and high redundancy.
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\ (13/13%) U \_ sample sizes (n=100-1200) )
Individual placebo score data (*number of  Patients were clustered into “non-responder” and “responder”, based on A compensatory multi-dimensional IRT was Based on the original dataset, a statistically
items) from mild to moderate AD patients all total scores, using the unsupervised Machine Learning (ML) k- developped using both exploratory (i.e. items significant drug effect was computed based on
were extracted from Critical Path Institute’s  means and Silhouette methods: and resampled with incremental loaded in each latent variable) and latent variable 1 (p= 3.65e-04), CDR-SOB
ijtObOS@ [3]. | | weight of the responder set to create hypothetical trials with 1:1 confirmatory (i.e. specific assignment of items (p=2.22e-05), ADASCOGI4 (p= 0.134), iADRS (p=
IADRS were derived from a set of items active:placebo randomization ratio. per latent variable using hierarchical cluster 0.058) and ADCS-ADL (p= 0.044).

from ADASCOGI4 and ADCS-ADL [4]. Selection of the final trial was based on 1) target threshold of CDR-SOB analysis) approaches. AlC, simulation-based

mean change from baseline evaluated by MMRM, and 2) ability of diagnostics, and correlation matrix of residuals
preserving conditional exchangeability: propensity score distributions were used to assess model performance.
and average standardized differences (ASD) on covariates.

Results A confirmatory 2-latent MIRM (86 items and 480 parameters) with a correlation of 0.221 performed better (AAIC = -8412.7) than
the 1-latent MIRM. LV2 did not show difference between placebo and active, hence was dropped from the power assessment.
5.0 -4-20 2 4 -4 -20 2 4 -4-20 2 4 -4 -20 2 4
cluster N TN T T T N T Y T T A N A T T N T T A A A 1 O B
el o | DV2.718 DV2.719 Dv2.720 _ Dv2.721 Dv2.722 DV2.723 DV2.724 DV2.510 B
ot 0.8 - -
0 0 2 S><F
® i 2 DV2.705 DV2.706 DvV2.707 DV2.708 DV2.709 DV2.710 DV2.711 Dv2.712 DV2.713 DV2.714 DV2.715 DV2.716 DV2.717
7 o - | Dl S A X N X e Wk
' Ak 5 A E
P o T 5 DV2.608 DV2.609 DV2.610 DV2.611 DV2.612 DV2.613 DV2.701 DV2.702 DV2.703 DV2.704 E; -
o\o L 0.8 — n o
= - O WE B —
< 00 . -k 04 = == 2;2‘27}3;@ S —
= @7 ' DV2.507 DV2.511 DV2.512 DV2.513 DV2.601 DV2.602 DV2.603 DV2.604 Eg I
E hd _ i o
K = ] LR SR - —
S — e s NV e e ot P
DV2.213 DV2.402 DV2.403 DV2.404 DV2.405 DV2.501
D5 ® 10 — - P10 ——
0.8 - | ; ><ffﬂ= EQi 2;£ 2 ; - P11 ——
@ ® Optimal number of clusters 0.4 — . i —_— — F|'1 2
¢ £ o0 cluster 0.0 1 S~ : - P13
7 5 4 27 0 g DV2.106 DV2.203 DV2.204 DV2.205 DV2.206 DV2.207
Eo.sz- 1 E Vs E 0.8
50 Responder’ vs ‘non-Responder’ i 2 - O\ =y 22
_'5 (') < 0.0 | DV2.304 DV2.307 DV2.308 DV2.309 DV2.310 DV2.311 DV2.101 DV2.102 B )
Dim1 (36.6%) ke 0.8 = ; ; ; =
0.4 — / : )"’&\ -
. o fo o ¢ ’ ¢ 9 o 0.0 — AT -
Figure I: Classification of ‘non-responder’ and ‘responder’ patients T L L A L L B R A
. . - - - -4 -2 02 4 -4-20 2 4 4 -20 2 4 -4-20 2 4
based on k-means, guided by average silhouette. o
e T Figure 4: One-dimension view of item characteristic curves showing the individual probability of
o A=t o IPW . o .
it el /. unweighted obtaining scores in each category for CDR-SOB items, labelled 100s, ADASCOGI14 - 200s, MMSE -
aDs| OA: 300s, EQ5D - 400s, QoL - 500/600s (patient/caregiver) and ADSC-ADL — 700s.
- 8 1 :
C(SEXM| DA | &5,
WHITE] G4 BEEE  COS,
¥l 6- - I
MULTIPLE{ ¢ e e
AFRICAN AMERICAN| © 4 = group e e,
(RACE)ASIAN{ © 25 G 2 — 0 bl RN
|3 = | | #£|k | || == 1 Y22 e
E4/E4] © A e RN
E3/E4 Eﬁ" 2 gé%}%‘; 0\\°%§§% AD score
E3/E3{ ¢\ : b RN + ADCS-ADL
E2/E4] b o] =~ 2 bas Ry -+ GDR-50B
AR . : : . : Ba%E oot -
E2/E3{ @& 0.00 0.25 0.50 0.75 1.00 BYzs °§‘§s§f§§% N ::IEF:FT‘S
AGE] &b - Propensity score for group 1 D2 ses N
B — il e,
0.0 01 10 e e,
Standardized Mean Differences Dl eds %4;3;';%,
e RN
Figure 2: Satisfactory conditional exchangeability evaluated by overlapped e "“@ﬁ%
propensity score distributions and ASD scores <0.1 on covariates. b i,
o E%%% %%;%g?{, a 100 300 600 800 1000 1200
. e ooﬁ}b;:?@\ﬁ Sample size n total (1:1 randomization)
5 Latent Variable B e, Figure 6: The final MIRM showed that with
S 5o 57 R0 : : :
g i R 800 subjects the latent variable yielded 83%
© = HE == e power to detect a treatment effect, while
| . . . . . . 08 W& WA P2 @ 02 o4 gE 0RO CDR-SOB, iADRS or ADCS-ADL alone
ADASCOG14  ADSC-ADL CDR-SOB IndividuEaCijE\DD o MMSE Qol-Caregiver  Qol-Patlent F|g.ure 5: Residual correlation pIOt between all pairs resulted in 94%, 59% and 25% power,
Figure 3: Contribution of scales to the 2 latent variables revealed by of items of all AD scores. General observed respectively.
factor loadings. correlations are mostly between -0.5 and 0.5.

Abbreviations AD: Alzheimer's Disease; ADASCOGI4: Alzheimer's Disease Assessment Scale—Cognitive Subscale; ADCS-ADL: Alzheimer's References [l Guideline on medicinal products for the treatment of Alzheimer's disease and other dementias
Disease Cooperative Study — Activities of Daily Living Scale; AIC: Akaike information criterion; ASD: Average standardized (CPIP/BRYR/008/50 Rau) [Inte / wimscmmes curepeLE] _
difference; CDR-SOB: Clinical Dementia Rating — Sum of box; EQ5D:EuroQol-5 dimensions; iADRS: Integrated AD Rating [2] Becker RE, Greig NH. Alzheimer's D'Segse_Drug Development in 2008 and Beyond: Problems and
Scale; ICC: [tem characteristic curve; MIRM: Multi-endpoint item-response model; ML: Machine Learning; MMRM: Mixed SRl Il (U ST REE AU ARG oY

model for repeated measures: MMSE: Mini Mental State Examination: QoL: Quality of life: [3] The Critical Path for Alzheimer’s Disease database (CPAD). Available from: https://c-
’ ' ’ ' ’ path.org/program/critical-path-for-alzheimers-disease/

. ] _ [4] Wessels AM et al., A Combined Measure of Cognition and Functi
PAGE2024 | 26—28 June 2024 | Rome, Italy Presenting author: Camille Vong, camillexvong@gsk.com Alzheimer's Disease Rating Scale (ADRS). J Prev i



https://c-path.org/program/critical-path-for-alzheimers-disease/
https://c-path.org/program/critical-path-for-alzheimers-disease/

	Slide 1: Multi-Endpoint Item-Response Modelling for Integrating Several Endpoints in Alzheimer’s Disease Drug Trials 

