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Abstract

INTRODUCTION: Alzheimer’s disease (AD) is a neurodegenerative disorder char-

acterized by declines in cognitive and functional severities. This research utilized

the Clinical Dementia Rating (CDR) to assess the influence of tilavonemab on these

deteriorations.

METHODS: Longitudinal Item Response Theory (IRT) models were employed to

analyze CDR domains in early-stage AD patients. Both unidimensional and multi-

dimensional models were contrasted to elucidate the trajectories of cognitive and

functional severities.

RESULTS:Weobserved significant temporal increases in both cognitive and functional

severities, with the cognitive severity deteriorating at a quicker rate. Tilavonemab did

not demonstrate a statistically significant effect on the progression in either severity.

Furthermore, a significant positive association was identified between the baselines

and progression rates of both severities.

DISCUSSION:While tilavonemab failed to mitigate impairment progression, our mul-

tidimensional IRT analysis illuminated the interconnected progression of cognitive

and functional declines in AD, suggesting a comprehensive perspective on disease

trajectories.
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Highlights

1. Utilized longitudinal Item Response Theory (IRT) models to analyze the Clinical

Dementia Rating (CDR) domains in early-stage Alzheimer’s disease (AD) patients,

comparing unidimensional andmultidimensional models.

2. Observed significant temporal increases in both cognitive and functional severities,

with cognitive severity deteriorating at a faster rate, while tilavonemab showed no

statistically significant effect on either domain’s progression.
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3. Found a significant positive association between the baseline severities and their

progression rates, indicating interconnected progression patterns of cognitive and

functional declines in AD.

4. Introduced the application of multidimensional longitudinal IRT models to provide

a comprehensive perspective on the trajectories of cognitive and functional severi-

ties in early AD, suggesting new avenues for future research including the inclusion

of time-dependent random effects and data-driven IRTmodels.

1 INTRODUCTION

Alzheimer’s disease (AD) is a leading neurodegenerative disorder lead-

ing to cognitive and functional impairments and is the principal cause

of dementia worldwide.1 Its complex consequences span emotional,

financial, and societal dimensions. Given the main therapeutic empha-

sis on addressing the inherent pathology of AD, the Clinical Dementia

Rating Scale (CDR) has become an essential instrument for assess-

ing dementia severity. The CDR categorizes the clinical expression of

dementia into six domains: three cognitive—Memory, Orientation, and

Judgment and Problem Solving—and three functional—Community

Affairs, Home and Hobbies, and Personal Care.2 Clinicians assign

scores based on patient interviews and collateral sources like care-

givers. For the first five domains, scores range from 0 (no impairment)

to 3 (severe impairment), with intermediate scores of 0.5 (question-

able), 1 (mild), and2 (moderate). ThePersonalCaredomainhas a similar

scale but typically excludes the 0.5 score.3

The CDR commonly utilizes the sum of the boxes (CDR-SB) scor-

ing method, summing scores across its six domains with the total

CDR-SB score ranging from 0 to 18. Recognizing the dual cognitive

and functional concepts captured by the CDR, the FDA (U.S. Food

and Drug Administration) recommended its use in early symptomatic,

stage 3 AD4 and as a co-primary endpoint in mild-to-moderate AD

dementia.5 CDR-SB has been adopted in many AD disease-modifying

therapy trials, for example, studies of aducanumab,6 lecanemab,7 and

tilavonemab.8 Typically, longitudinal CDR-SB scores from these stud-

ies are treated as continuous variables, analyzed using mixed models

or generalized estimating equations (GEE). However, this methodol-

ogy assumes a unidimensional representation of the disease, equal

significance and sensitivity of each domain, and identical domain dis-

crimination. These assumptions might not be valid, particularly when

disease progression or treatment effects vary between domains of

impairment. Highlighting such concerns, Jutten et al.9 emphasized the

potential risks of composite scoring in missing subtle cognitive varia-

tions, while another study found the CDR-SB suboptimal for assessing

the efficacy of treatments in slowing disease progression.10

Exploring alternate methodologies, Item Response Theory (IRT)

modeling offers an advanced approach for analyzing longitudinal CDR

data, linking individual item responses to the latent disease sever-

ity termed “theta.” While IRT has distinct advantages over sum score

methods such as CDR-SB, its use in AD research is limited. Typically,

studies adopt a unidimensional approach by treating all items as mea-

suring a single attribute of the disease or emphasize cross-sectional

data. For example, Vandemeulebroecke et al11 and Bascoul-Mollevi

et al.12 demonstrated the strength of unidimensional longitudinal IRT

models using variousneuropsychological test items.On theother hand,

using cross-sectional IRT modeling, Lowe et al.3 categorized the six

CDRdomain scores into a single latent variablewhile Li et al.13 system-

atically evaluate each domain at baseline to identify domains that are

most diagnostic of dementia severity.

While IRT modeling is recognized in neurodegenerative research,

the application of multidimensional longitudinal IRT models incor-

porating multiple latent variables14–19 remains limited in discerning

distinct AD progression patterns and associated treatment responses

in multiple correlated severities. This study employs these IRT mod-

els to analyze AD progression through domain-level CDR responses.

As the CDR specifically classifies dementia severity into cognitive and

functional severities, our multivariate longitudinal IRT approach offers

a thorough perspective on AD’s progression over time. With the sup-

port of longitudinal data, this methodology models the trajectory of

cognitive and functional decline in AD. By reevaluating CDR scores

from the recently published AWARE study, we highlight the insights

IRTmodeling provides, particularlywhen traditionalmixedmodeling of

CDR-SB indicated no treatment effect.8

2 METHODS

2.1 Study population

We sourced our data from the phase 2, multiple-dose, double-blind,

placebo-controlled AWARE trial of Stage 3 early AD (Clinicaltrials.gov

identifier: NCT02880956) conducted across 60 sites in 11 countries.

Detailed clinical eligibility criteria for participants can be found in Flo-

rian et al.8 Participants were randomized in equal proportions to one

of three tilavonemab doses (300 mg, 1000 mg, 2000 mg) or a placebo,

with intravenous infusions administered every 4 weeks from the initial

visit. This double-blind treatment spanned 96 weeks, with CDR score

evaluations at baseline and subsequently every 24weeks. For rigorous

data analysis, we maintained stringent inclusion and exclusion criteria,
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focusing only on participants with complete CDR global scores across

their visits. Our data handling yielded an analysis dataset comprising

314 subjects and 1,570 visits, narrowed down from an original cohort

of 453 subjects and 2,265 visits. We utilized Locally Weighted Scat-

terplot Smoothing (LOWESS) curves to smoothly display the trends

in cognitive subsum (the sum of three cognitive domains) and func-

tional subsum (the sum of three functional domains). This method

draws smooth trends through data by making the line’s smoothness

adjustable, prioritizes closer points, and iteratively refines to spotlight

key patterns.20

2.2 Unidimensional longitudinal IRT model

We utilized a unidimensional longitudinal IRT model to individually

assess CDR domains in the cognitive and functional severities. The

unidimensional analysis assumed that there is a single latent variable,

“theta”, in IRT models, representing either the underlying cognitive

severity when applied to three cognitive domains (Memory, Orienta-

tion, and Judgement andProblemSolving), or the underlying functional

severitywhen applied to three functional domains (CommunityAffairs,

Home and Hobbies, and Personal Care). The unidimensional longitudi-

nal IRT model consists of two levels. The first level, a graded-response

measurement model (refer to Figures S1 and S2; Model 1 in Supple-

mental Materials), quantifies the relationship between each domain’s

response and the latent variable “theta”. The probability of every score

in each domain was determined by five parameters: the discrimination

parameter and the location parameters. The discrimination parameter

gauges the domain’s ability to differentiate based on latent severity,

with a higher value indicating that this domain is powerful for deter-

mining the individual’s latent severity. The location parameters (also

called difficulty parameters) are the probability threshold for tran-

sitioning from score 0 to 0.5, from 0.5 to 1, etc. The second-level

structural model (Model 2 in the Supplemental Materials) regresses

cognitive or functional severity, indicated by “theta”, on time, treat-

ment group, and its interactionwith time, with subject-specific random

intercepts, and random slopes of time. The random intercepts allow

each individual to have a personalized severity at baseline, whereas

the random slopes account for individuals’ unique progression rates

in severity. The correlation between the random intercepts and ran-

dom slopes was modeled by a correlation coefficient. Because the IRT

models are overparameterized, certain constraints need to be set to

make the models identifiable (estimable).21 Specifically, random inter-

cepts were assumed to have standard normal distribution with mean

zero and variance one, and the random slopes were assumed to fol-

low a normal distribution with mean zero. The detailed illustrations of

the unidimensional longitudinal IRT model can be found in our prior

work.14–19

We investigated the progression of cognitive and functional severi-

ties andcompared theeffectsof tilavonemabwithplacebo.Assessment

of significant impacts relied on 95% credible intervals (Bayesian equiv-

alence to 95% credible interval [CI]). To facilitate the parameter

estimation, groups with fewer than 10 subjects were merged with

RESEARCH INCONTEXT

1. Systematic Review: A comprehensive literature review,

including primary sources such as PubMed and confer-

ence presentations, highlighted that while ItemResponse

Theory (IRT) modeling is prevalent in Alzheimer’s dis-

ease (AD) research, its application has been primarily for

cross-sectional analyses and is based on the unidimen-

sional assumption that a single latent variable represents

disease severity.

2. Interpretation: In early AD, cognitive decline outpaces

functional impairment. The trajectories of both sever-

ities are intercorrelated, with tilavonemab showing no

significant modulation of these progressions.

3. Future Direction: This study introduces the application

of multidimensional longitudinal IRT models to dissect

the interrelated yet distinct trajectories of cognitive

and functional severities in early AD. Future research

avenues may include: (a) considering the inclusion of

time-dependent random effects, and (b) adopting data-

driven IRT models to enhance the specificity of under-

standing the cognitive and functional impairments in AD

progression.

adjacent groups to ensure adequate sample size for analysis. For the

Memory domain, scores of 0 and 0.5 were merged into 0.5, and for all

other domains, scores of 2 and 3 were unified as 2, leading to adjusted

score categories: memory (0.5, 1, 2), personal care (0, 1, 2), and other

domains (0, 0.5, 1, 2).

2.3 Multidimensional longitudinal IRT model

Themultidimensional longitudinal IRTmodel allows for multiple latent

variables. Given prior CDR knowledge, we posited two separate but

correlated latent variables: thetacog for cognitive severity (from three

cognitive domains) and thetafun for functional severity (from three

functional domains). The first-level graded-response measurement

models (refer to Models 5 and 6 in Supplemental Materials) are simi-

lar to the unidimensional longitudinal IRT model and they relate each

item’s response to its pertinent latent variable. In the second-level

structural models, both latent variables thetacog and thetafun were

regressed on time, treatment group, and its interaction with time, in

addition to subject-specific random intercepts and random slopes of

time to alloweach individual to have his/her baseline severity and rates

of progression in both cognitive and functional severities. To account

for the relationship between the two thetas, the correlation among

the random intercepts and random slopes in both impairments was

represented in a correlation matrix. Because IRT models are overpa-

rameterized, additional constraints need to be imposed to make the
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models identifiable (estimable). Specifically, random intercepts Ui0 and

Ui2, as in Models 5 and 6 in Supplemental Materials, were assumed to

follow a standard normal distribution marginally with mean zero and

variance one. This assumption ensures that, for subjects in the placebo

group, themultivariate latent variables thetacog and thetafun had amean

zero at baseline and variance one for both severities. The detailed illus-

trations of themultidimensional longitudinal IRTmodel can be found in

our prior work.14–19

Weemployed themultidimensional longitudinal IRTmodel to assess

the progression of cognitive and functional severities and to con-

trast the effects of tilavonemab with placebo. A distinct advantage

of this model is its unitless latent variables, or theta components,

which enable straightforward comparisons and evaluations of progres-

sion rates and tilavonemab responsiveness across both cognitive and

functional severities. This granularity offers insights that the unidi-

mensional IRT model does not capture. Both models presume a linear

relationship between the latent variable theta and time, with the pro-

gression patterns illustrated in Figure 1 (lower panels). As sensitivity

analysis, we also implemented a linear mixed model to analyze the

CDR sum scores, regressing the CDR-SB scores on time, the interac-

tion between treatment group and time, and subject-specific random

intercepts and random slopes.

2.4 Bayesian inference model fitting

Weconducted our analyses usingBayesian inference viaMarkovChain

Monte Carlo (MCMC) posterior simulations in Stan (version 2.28)22

through R (version 4.3.1). All model parameters were assigned vague

priors, with specifics on prior distribution choices, parameter settings,

and convergence assessments detailed in our prior work.15 We uti-

lized the Deviance information criterion (DIC)23 for model selection,

with lower values indicating a better data fit. The models with smaller

DIC are preferred. To enhance the clinical interpretation of the regres-

sion coefficients, we applied simulation techniques to express them in

terms of CDR domain scores. These simulation techniques utilized the

posterior samples from Bayesian inference and were associated with

increased variance. Consequently, we expressed the primary statisti-

cal results in unitless theta values and provided the simulation CDR

domain-based results in the Supplemental Materials. For Stan codes,

refer to Supplementary Section 3.

2.5 Model performance diagnostics

The longitudinal IRT models’ performance was comprehensively

assessed using diagnostics based on simulation and residual evalu-

ations. Using estimated parameters, we simulated responses across

all categories of CDR scores for each visit. These simulated values

were then directly compared to the observed proportions, with the

results visualized through mirror and scatter plots for clearer compar-

ative insights. Residuals for each domain were computed as deviations

between observed domain values and weighted prediction scores,

derived by aggregating simulated probabilities for category scores.

These residuals informed themodel’s observational valueaccuracy.We

further derived the cognitive and functional subsums and total sum

from simulated data, comparing these with observed data to assess

model ability in replicating observed sum scores.

3 RESULTS

3.1 Baseline characteristics

Table 1 summarizes the baseline characteristics of the analysis dataset,

highlighting balanced participant numbers across treatment groups.

At baseline, no notable differences were observed in various cogni-

tive metrics, including CDR-SB. The analysis of cumulative cognitive

and functional subsum scores, visualized through LOWESS curves in

Figure 1 (upper panels), indicates a steady progression of cognitive and

functional deterioration over the study period.

3.2 Model comparison and selection

The multidimensional IRT model demonstrated a better fit (DIC =

12,293) compared to the combined unidimensional models (DIC =

12,516). This highlights the enhanced accuracy of the multidimen-

sionalmodel over theunidimensional approach that separates domains

into two distinct latent variables.Moreover, the unidimensional model,

encompassing a singular latent variable spanning all six domains,

showed substantial coefficient variance (details not included). This sug-

gests the potential inadequacy of assuming a single latent variable for

all domains,which alignswith thedual latent variable structure ofCDR.

In light of these findings and the inherent bidimensional nature of the

CDR, we deemed the multidimensional IRT model with the interaction

term as our model of choice. Subsequent results discussed are derived

from this chosen model, though we also present outcomes from the

separate unidimensional models for comparation.

3.3 Separate unidimensional longitudinal IRT
models for cognitive and functional severities

Using the separate unidimensional longitudinal IRT models with three

cognitive and three functional domain scores, we identified a signif-

icant time effect characterized by a cognitive decline rate of 0.794

theta units/year (95% CI: [0.588, 1.004]) and a functional decline rate

of 0.592 theta units/year (95% CI: [0.403, 0.796]). While tilavonemab

did not significantly impact cognitive severity across dosages, the

2000 mg dose notably accelerated the functional decline by 0.283

theta units/year (95% CI: [0.033, 0.542]). The other doses showed no

significant effect. Furthermore, no significant correlation was found

between baseline abilities and decline rates in both severities, indicat-

ing baseline severity did not dictate the progression rate. Regression

parameters are detailed in Table 2, with location and discrimination
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F IGURE 1 Upper panels: LOWESS curves of cognitive subsum and functional subsum in CDR score based on 314 subjects and 1,570 visits.
Middle panels: LOWESS curves for latent cognitive and functional severities from two separate unidimensional longitudinal IRTmodels; Lower
panels: LOWESS curves for latent cognitive and functional severities from themultidimensional longitudinal IRTmodel
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TABLE 1 Baseline characteristics of the analysis dataset with 314 subjects and 1,570 visits

Characteristic

Placebo

(n= 79)

TN 300mg

(n= 79)

TN1000mg

(n= 81)

TN 2000mg

(n= 75)

Total

(n= 314)

Age (y) 71.7± 6.8 70.9± 6.7 71.7± 7.1 70.0± 7.1 71.1± 6.9

Female 48 (60.8%) 36 (45.6%) 43 (53.1%) 43 (57.3%) 170 (54.1%)

Race

White 76 (96.2%) 74 (93.7%) 78 (96.3%) 75 (100.0%) 303 (96.5%)

Non-White 3 (3.8%) 5 (6.3%) 3 (3.7%) 0 (0.0%) 11 (3.5%)

Education (y) 14.7± 3.5 15.2± 4.1 14.3± 4.0 14.8± 3.6 14.8± 3.3

CDR-SB 3.0± 1.3 3.1± 1.1 3.1± 1.2 3.0± 1.0 3.0± 1.2

ADAS-Cog14 26.1± 7.8ª 27.1± 7.9b 25.7± 7.5 26.5± 7.2c 26.3± 7.6d

RBANS 72.5± 11.0e 72.5± 14.4f 72.3± 12.5 70.1± 12.6 71.9± 12.7g

MMSE 24.2± 3.0 24.5± 2.9 24.5± 2.7 24.6± 3.0 24.4± 2.9

FAQ 7.3± 5.6 7.7± 5.4 8.4± 5.4 7.7± 4.7 7.8± 5.3

NPI 3.4± 4.6 3.7± 5.2 4.2± 6.2 3.5± 5.2 3.7± 5.3

UPSA-Brief 60.3± 19.3 61.5± 18.9 59.7± 18.8h 60.8± 19.7i 60.6± 19.1j

ADCS-MCI-ADL-24 54.6± 8.2f 54.9± 7.9 54.5± 6.7h 55.4± 6.3 54.9± 7.3j

ADCOMS 0.4± 0.1a 0.4± 0.2b 0.4± 0.1h 0.4± 0.1a 0.4± 0.1k

Note: Data aremean± standard deviation or n (%).

Abbreviations: ADAS-Cog14, Alzheimer’s Disease Assessment Scale (14-Item) Cognitive Subscale; ADCOMS, Alzheimer’s Disease Composite Score; ADCS-

MCI-ADL-24, 24-item Alzheimer’s Disease Cooperative Study/Activities of Daily Living Scale Adapted for Patients With Mild Cognitive 5 Impairment;

CDR-SB, Clinical Dementia Rating-Sum of Boxes; FAQ, functional activities questionnaire; MMSE, Mini-Mental State Examination; NPI, Neuropsychiatric

Inventory; RBANS, Repeatable Battery 7 for Assessment of Neuropsychological Status; TN, Tilavonemab; UPSA-Brief, University of California San Diego

Performance-Based Skills Assessment-Brief 8 Version; y, years.
an= 75.
bn= 77.
cn= 73.
dn= 306.
en= 76.
fn= 78.
gn= 310.
hn= 79.
in= 74.
jn= 311.
kn= 306.

parameters in Supplementary Table S1. Figure 1 (middle panels) dis-

play LOWESS curves for latent cognitive and functional severities

from two separate unidimensional longitudinal IRT models, indicating

a consistent decline across both severities.

3.4 Multidimensional longitudinal IRT model for
all CDR domains

Utilizing the multidimensional longitudinal IRT model for simultane-

ous evaluation of cognitive and functional severities, significant time

effects were observed. Specifically, cognitive severity increased by

0.800 theta units annually (95% CI: [0.602, 1.006]) and functional

severity by 0.620 theta units (95% CI: [0.433, 0.806]). This suggests

cognitive decline surpasses functional impairment in earlyAD.Notably,

tilavonemab doses did not significantly impact either severity, as indi-

cated by 95% CIs of corresponding parameters including zero. Refer

to Table 3 for regression parameters and Supplementary Tables S2 for

location and discrimination parameters.

In line with unidimensional model findings, no significant correla-

tion between baseline impairment and progression rate was noted in

either severity, as evidenced by 95%CI for 𝜌01 and 𝜌23 including 0. Fur-

thermore, a significant positive correlation between baseline cognitive

and functional severities was identified (𝜌02 = 0.776, 95% CI: [0.687,

0.850]), indicating synchronous baseline declines in both capabilities.

A strong correlation was also found in their progression rates (𝜌13 =

0.964, 95%CI: [0.908, 0.991]), suggesting aligned trajectories of deteri-

oration. Detailed diagnostics for the multidimensional longitudinal IRT

model are available in Supplementary Section 2, with Figures S4-S7

in the Supplemental Material underlining the model’s robust fit and

excellent performance in analyzingCDRdomain scores. Figure1 (lower

panel) displays LOWESS curves for latent cognitive and functional

severities from the multidimensional longitudinal IRT model, illustrat-

ing a consistent decline in both capabilities. Supplementary Figure S8
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TABLE 2 Parameter estimates and 95%CIs from two separate unidimensional longitudinal IRTmodels for scores in cognitive and functional
domains

Parameters Mean SD 95%CI P RSE

Cognitivemodel

Time (y) 0.794 0.107 0.588, 1.004 <0.001 13.48

TN= 300mg× time (y) 0.103 0.136 −0.152, 0.355 0.224 132.04

TN= 1000mg× time (y) 0.036 0.136 −0.232, 0.301 0.395 377.78

TN= 2000mg× time (y) 0.186 0.136 −0.082, 0.456 0.085 73.12

𝝆 0.159 0.090 −0.015, 0.341 0.038 56.60

Functional model

Time (y) 0.592 0.098 0.403, 0.796 <0.001 16.55

TN= 300mg× time (y) 0.077 0.129 −0.166, 0.342 0.275 167.53

TN= 1000mg× time (y) 0.180 0.128 −0.069, 0.427 0.080 71.11

TN= 2000mg× time (y) 0.283 0.128 0.033, 0.542 0.014 45.22

𝝆 −0.050 0.079 −0.205, 0.110 0.263 158

Note: 𝜌 is the correlation coefficient of random intercepts and random slopes. P-value was calculated by: p = 1 − Φ(|Mean|∕SD), where Φ(⋅) denotes the

cumulative distribution function of standard Normal distribution. Refer toModel (2) in the SupplementalMaterials for themeanings of 𝛽 parameters.

Abbreviations: 95% CI, 95% credible intervals; P, P-value; RSE, relative standard error, computed as standard error divided by the absolute value of the

estimate andmultiplied by 100; SD, standard deviation; TN, tilavonemab; y, years;

TABLE 3 Parameter estimates and 95%CIs from themultidimensional longitudinal IRTmodel for scores in cognitive and functional domains

Parameters Mean SD 95%CI P RSE

Cognitivemodel

Time (y) 0.800 0.104 0.602, 1.006 <0.001 13

TN= 300mg× time (y) 0.087 0.139 −0.178, 0.362 0.265 159.77

TN= 1000mg× time (y) 0.027 0.132 −0.238, 0.291 0.419 488.89

TN= 2000mg× time (y) 0.182 0.136 −0.076, 0.454 0.090 74.73

𝝆01 0.143 0.080 −0.017, 0.298 0.037 55.94

𝝈u1 0.486 0.086 0.337, 0.672 NA 17.70

Functional model

Time (y) 0.620 0.094 0.433, 0.806 <0.001 15.16

TN= 300mg× time (y) 0.040 0.126 −0.198, 0.295 0.375 315

TN= 1000mg× time (y) 0.170 0.121 −0.060, 0.410 0.080 71.18

TN= 2000mg× time (y) 0.220 0.125 −0.015, 0.467 0.039 56.82

𝝆23 −0.068 0.076 −0.210, 0.089 0.185 111.76

𝝈u3 0.491 0.082 0.352, 0.669 NA 16.70

𝝆02 0.776 0.042 0.687, 0.850 <0.001 5.41

𝝆03 0.146 0.075 −0.003, 0.291 0.026 51.37

𝝆12 −0.017 0.077 −0.169, 0.129 0.413 452.94

𝝆13 0.964 0.021 0.908, 0.991 <0.001 2.18

Note: 𝜌01 is the correlation coefficient of random intercepts and random slopes in cognitive model; 𝜌02 is the correlation coefficient of random intercepts

in cognitive model and random intercepts in functional model; 𝜌03 is the correlation coefficient of random intercepts in cognitive model and random slopes

in functional model; 𝜌12 is the correlation coefficient of random slopes in cognitive model and random intercepts in functional model; 𝜌13 is the correlation

coefficient of random slopes in cognitive model and random slopes in functional model; 𝜌23 is the correlation coefficient of random intercepts and random

slopes in functionalmodel;𝜎u1 is the standarderror of the randomslopes in cognitivemodel;𝜎u3 is the standarderror of the randomslopes in functionalmodel.

P-value was calculated by: p = 1 − Φ(|Mean|∕SE), whereΦ(.) denotes the cumulative distribution function of standard Normal distribution. The P-values for
𝜎u1 and 𝜎u3 were not computed because the test statistic does not follow Normal distribution. Refer to Models (5) and (6) in the Supplemental Materials for

themeanings of 𝛽 parameters.

Abbreviations: 95% CI, 95% credible intervals; P, P-value; RSE, relative standard error, computed as standard error divided by the absolute value of the

estimate andmultiplied by 100; SD, standard deviation; TN, tilavonemab; y, years.
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displays histograms of these severities, revealing no significant fre-

quencies at the extremes, indicating minimum floor or ceiling effects.

Additionally, Supplementary Table S3 presents the latent variables

estimated by both unidimensional and multidimensional IRT models.

The findings show that the estimated latent variables are consistent

across the four treatment groups.

3.5 Linear Mixed model on CDR-SB

Supplementary Table S4 presents the sensitivity analysis results of

the linear mixed model on the CDR-SB scores. It suggests statistically

significant time effect of deterioration in CDR-SB (P<0.001), but no

significant effect from any tilavonemab dose. These results are consis-

tent with our findings using both unidimensional andmultidimensional

longitudinal IRTmodels.

4 DISCUSSION

In this research, we employed longitudinal IRT models to investigate

the trajectories of cognitive and functional severities in early-stage

AD patients and to assess the effects of tilavonemab. Our find-

ings identified prominent temporal deteriorations in both cognitive

and functional severities. Nevertheless, the therapeutic efficacy of

tilavonemab in modulating these trajectories remained statistically

insignificant.Notably, the initial level of impairments at baselinedid not

impact subsequent decline rates.

A salient observation from our analysis was the inherent asso-

ciation between cognitive and functional severities. Both severities

exhibited similar patterns of impairment at the onset and followed

consistent trajectories subsequently, highlighting the intercorrelated

pathophysiology of cognitive and functional decline in AD. An impor-

tant finding was the more rapid decline of cognition severity when

compared to functional severity on the CDR in the early stages of AD.

This parallels the clinical progression of disease, as outline in the FDA

guidance, where inexorable cognitive decline occurs before functional

impairments emerge. Recognizing these differential trajectories has

significant clinical implications. A better understanding of accelerated

cognitive declines can guide therapeutic strategies aimed at preserv-

ing cognitive functions, possibly improving the quality of life in early

AD patients. In addition, in clinical trial designs, recognizing these tra-

jectories can lead to improved patient stratification, which in turn can

enhance the development and evaluation of therapeutic agents.

IRT modeling is a recognized methodological approach in AD

research. Numerous studies have applied cross-sectional IRT models

to evaluate scores from various assessments such as Alzheimer’s Dis-

easeAssessment Scale-cognitive (ADAS-cog),24,25 Alzheimer’sDisease

Cooperative Study-Activities of Daily Living inventory (ADCS-ADL),26

and composite and other scales.27–29 However, only four AD-centric

publications have adopted longitudinal IRT models,11,30–32 and all

exclusively used the unidimensional variants. The multidimensional

longitudinal IRT methodology, as applied herein, presents multiple

advantages. It integrates diverse modeling components, offering a

comprehensive insight into the temporal progression across the dis-

ease severity continuum. By accounting for inter-visit correlations

within individual participants, it provides a detailed depiction of subtle

changes across cognitive and functional severities. The methodology

also permits concurrent estimationof specific domain-specific parame-

ters and regression coefficients, yielding in-depth insights into domain

attributes and determinants of severity progression. Moreover, the

unitless attributes of the latent variables in the multidimensional

model enhance the comparability of progression rates and tilavonemab

effects across severities. To facilitate clinical interpretation of the

regression coefficients expressed in unitless theta values, we can apply

simulation techniques to express them in terms of CDR cognitive

and functional subsums and total sum. These simulation techniques

use the posterior samples from Bayesian inference and necessar-

ily are associated with increased variance, as shown in our prior

work.17,18

The evolution of AD is marked by distinct variabilities across indi-

vidual patients and general heterogeneity within the broader patient

population.Ourmodel, which integrates random intercepts and slopes,

effectively addresses these variabilities, offering individualized assess-

ments of severity and progression across both cognitive and functional

impairments. For a deeper insight into AD’s progression, subsequent

studies might expand the multidimensional longitudinal IRT model by

incorporating inter-occasion random effects, thereby capturing the

temporal variability inherent in AD progression. While our approach

determined the number of latent variables anchored in theCDRdefini-

tion and expert insights, an alternative is to employ an exploratory IRT

model.33 This model could autonomously define the optimal count of

latent variables, facilitating adata-informedcategorizationof cognitive

and functional impairments in AD’s progression. Such a methodol-

ogy promises to elucidate the intricate architecture and dynamics of

AD, fostering a more profound comprehension and evaluation of its

progression.

The AWARE study’s restriction to Stage 3 early AD participants

resulted in low counts in some categories, compelling us to consoli-

date scores into broader categories. This aggregation, while necessary

for parameter estimation, may reduce the granularity and precision

in evaluating the latent traits, and pose challenges in comparing our

resultswith those from studies using different scoringmethods. Future

replication of our findings in larger datasets, ensuring adequate counts

across all score categories, is desirable. Moreover, differential item

functioning (DIF) arises in the CDR when item response probabilities

of a domain vary among individuals with similar latent AD sever-

ity but differ by a covariate such as treatment group. While testing

for DIF is crucial in scale validation, typically performed using cross-

sectional IRT models as demonstrated in our previous studies,34,35

current methodologies do not readily apply to the longitudinal IRT

framework utilized in this research. This gap underscores the need for

further methodological development to accurately assess DIF in longi-

tudinal contexts. Last, to ensure model parsimony and computational

efficiency, individuals with incomplete CDR data arrays were excluded

from this analysis. While the Bayesian modeling framework is capa-
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ble of handling missing data through posterior distribution sampling,

this approach significantly increases the model’s complexity and com-

putational requirements. Future developments will aim to adapt our

Bayesianmodeling to comprehensively includemissing data.
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