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Background: Accurate assessment of cognitive impairment is essential to effective Alzheimer’s disease (AD) man- 

agement and research. However, the absence of validated methods to translate scores between widely used instru- 

ments —such as the Clinical Dementia Rating Scale Sum of Boxes (CDR-SB) in trials and the Montreal Cognitive 

Assessment (MoCA) in clinical practice —poses a significant barrier. This limits data harmonization, impedes 

cross-study comparability, and complicates the integration of clinical and research evidence. Bridging this gap 

is critical for consistent staging, longitudinal monitoring, and data-driven decision-making in AD and related 

dementias. 

Objectives: To develop and validate bidirectional score conversion tables between CDR-SB and MoCA using a 

large, diverse cohort spanning the full spectrum of cognitive function. 

Design: Retrospective, cross-sectional analysis using equipercentile equating with log-linear smoothing. Opti- 

mal smoothing parameters were selected by minimizing mean squared error, Akaike Information Criterion, and 

Bayesian Information Criterion. Concordance was assessed using Spearman’s rank correlation and Bland-Altman 

plots. 

Setting: National Alzheimer’s Coordinating Center (NACC), aggregating standardized assessments from 35 U.S.- 

based Alzheimer’s Disease Research Centers. 

Participants: 23,717 individuals (59,871 visits) with same-day CDR-SB and MoCA assessments from January 2015 

to September 2024, spanning normal cognition, mild cognitive impairment (MCI), and dementia. 

Intervention: None; this was a secondary analysis of existing data. 

Measurements: Primary measures included CDR-SB (0–18; higher = greater impairment) and MoCA (0–30; 

higher = better cognition). Bidirectional crosswalk tables were derived using equipercentile equating. 

Results: CDR-SB and MoCA scores showed strong inverse correlation (Spearman’s 𝜌 = –0.68; p < 0.001). Crosswalk 

tables demonstrated good agreement across the cognitive spectrum and performed consistently in the full cohort 

and an AD-specific subgroup. 

Conclusions: This study provides the first validated, bidirectional CDR-SB–MoCA crosswalk, supporting data 

harmonization and consistent interpretation of cognitive severity across research and clinical settings. 
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. Introduction 

Alzheimer’s disease (AD) represents a growing global health crisis,

ith its prevalence expected to rise exponentially as populations age

 1 , 2 ]. This neurodegenerative disorder imposes substantial burdens on

atients, caregivers, healthcare systems, and society, with progressive

ognitive and functional decline leading to significant morbidity, mor-

ality, and economic costs [ 2–4 ]. In 2025, AD and related dementias are

rojected to impose an annual economic burden of $252 billion in for-

al care costs and up to $580 billion when including informal care in
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he United States [ 3 ], driven largely by direct medical expenses, long-

erm care, and productivity losses affecting patients and caregivers [ 3 ].

Early identification and accurate staging of AD are increasingly

rucial, particularly with the advent of disease-modifying treatments

DMTs) targeting the underlying pathophysiology of AD [ 5 , 6 ]. These

herapies show the greatest efficacy when administered in the earli-

st disease stages, specifically in mild cognitive impairment (MCI) and

ild AD dementia [ 7 ], necessitating precise and reliable tools for patient

dentification. However, distinguishing these early stages in real-world

linical practice remains challenging, underscoring the need for stan-
25 
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ardized, scalable cognitive assessment measures that align with both

linical trial endpoints and routine care [ 5 ]. 

The Clinical Dementia Rating Scale Sum of Boxes (CDR-SB) is a

emi-structured global scale combining patient cognitive testing and

aregiver-reported functional abilities across six domains (memory, ori-

ntation, judgment and problem solving, community affairs, home and

obbies, personal care) and yields a 0–18 score reflecting both cogni-

ion and function [ 8 , 9 ]. Unlike brief cognitive screening tools, CDR-SB

aptures subtle functional impairments that may precede overt cogni-

ive deficits, making it essential for staging AD. It is the gold-standard

utcome measure in clinical trials and is also employed in some lon-

itudinal studies to enable precise staging of AD and related cognitive

isorders [ 9–11 ]. 

In contrast, the Montreal Cognitive Assessment (MoCA) is a brief,

tructured cognitive screening tool administered directly to the patient,

ather than a full neuropsychological battery. It assesses multiple

ognitive domains, including executive function, memory, language,

ttention, visuospatial abilities, and orientation, with scores ranging

rom 0 to 30 [ 12 , 13 ]. The MoCA has demonstrated greater sensitivity

han traditional instruments like the Mini-Mental State Examination

MMSE) [ 14 ]. MoCA is widely used in clinical settings for its ease of

dministration, particularly in the early stages of disease. However,

t lacks the functional assessment component included in the CDR-SB,

hich offers a more comprehensive evaluation of real-world cognitive

nd functional impact. Moreover, MoCA scores are influenced by the pa-

ient’s level of formal education [ 15 ], which can affect interpretability

cross populations. 

The ability to translate scores between CDR-SB and MoCA has im-

ortant implications for clinical decision-making, longitudinal research,

nd multicenter studies using different cognitive measures. Convert-

ng scores allows for more consistent interpretation of disease sever-

ty across patient populations and facilitates data harmonization. Prior

tudies have established conversion frameworks for other cognitive

ests, such as MMSE and MoCA, using equipercentile equating [ 16 ],

egression-based modeling [ 17 ], and machine learning approaches [ 18 ].

owever, no widely accepted conversion method exists between CDR-

B and MoCA, limiting cross-study and clinical comparability. 

Beyond direct clinical and research applications, the capacity to in-

erconvert CDR-SB and MoCA scores has broader implications for health-

are policy, clinical trial design, and real-world evidence generation.

egulatory agencies and payers increasingly require standardized cog-

itive assessments to support drug approval and reimbursement deci-

ions. A validated conversion framework would enable pharmaceuti-

al companies and researchers to pool data from studies using different

ognitive instruments, improving trial generalizability. Large-scale ob-

ervational studies and electronic health record (EHR) analyses could

lso benefit by enabling retrospective data harmonization, facilitating

eta-analyses, and improving disease progression modeling and patient

tratification. 

This study aims to develop a robust conversion framework between

DR-SB and MoCA scores using established statistical methodologies.

y leveraging a well-characterized patient cohort, we seek to provide

linicians and researchers with an empirically derived conversion ta-

le that facilitates the integration of data across different assessment

aradigms. This work enhances cognitive assessment interoperability,

nabling more precise disease monitoring and informed therapeutic de-

isions. By improving communication among clinicians and researchers,

t facilitates the comparison and pooling of findings, ultimately guiding

vidence-based clinical and policy decisions on dementia and advancing

lzheimer’s research. 

. Methods 

.1. Data source 

The National Alzheimer’s Coordinating Center (NACC) is the central

ata hub for the National Institute on Aging’s Alzheimer’s Disease Re-
2

earch Centers (ADRC) Program, which includes 35 centers across the

.S. NACC consolidates one of the largest datasets on AD and related

ementias. 

Prior to NACC’s creation, data collection at ADRCs was fragmented,

ith each center using different methods and platforms. NACC stan-

ardized this process, launching the Uniform Data Set (UDS) in 2005

 19 ]. The UDS introduced annual cognitive, behavioral, and functional

ssessments, enhancing data quality, comparability, and research util-

ty, while allowing for long-term tracking of cognitive decline and co

hanges. 

All contributing ADRCs are required to obtain informed consent from

articipants and secure independent Institutional Review Board (IRB)

pprovals from their respective institutions prior to submitting data to

ACC. The study was conducted in accordance with the ethical stan-

ards outlined in the 1964 Declaration of Helsinki and its subsequent

mendments, or other comparable ethical guidelines. This study does

ot involve any new research with human participants or animals con-

ucted by the authors. 

.2. Study population 

We utilized the NACC UDS dataset to identify patients who under-

ent same-day cognitive assessments with both the CDR-SB and MoCA.

he dataset spans from 2005 to September 1, 2024, though MoCA scores

ere introduced in 2015. 

Patients were included if they had at least one visit where both the

DR-SB and MoCA were administered on the same day. Visits with in-

omplete or missing data for either measure were excluded to ensure

onsistency in cognitive performance assessment. The resulting cohort

onsisted of a large and diverse sample of individuals with varying cog-

itive statuses at the time of their first recorded visit. 

As part of the ADRC/NACC research protocol, participants un-

erwent comprehensive annual evaluations that included clinical,

eurological, and neuropsychological assessments. Cognitive diag-

oses —normal cognition, impaired-not-MCI (used for cases that did not

learly fit into normal or MCI categories), MCI, or dementia —were as-

igned at baseline and updated at each annual visit. These diagnoses

ere typically determined through a multidisciplinary consensus pro-

ess at each site. However, as noted by NACC, some diagnoses may have

een assigned by a single clinician, depending on individual ADRC pro-

ocols. 

For participants diagnosed with a cognitive disorder, the NACC

atabase also captures the presumptive primary etiologic diagnosis (e.g.,

lzheimer’s disease) and any contributing conditions. This detailed

linical and diagnostic information —alongside cognitive and genetic

ata —provides a strong foundation for evaluating cognitive trajecto-

ies and supports the development of crosswalks between CDR-SB and

oCA scores across diverse clinical presentations. 

.3. Statistical analysis 

To evaluate the relationship between CDR-SB and MoCA scores, we

alculated Spearman’s rank correlation coefficient. Unlike Pearson’s cor-

elation, Spearman’s method uses ranked values, allowing it to capture

trictly monotonic relationships and making it suitable for both contin-

ous and ordinal data [ 20 ]. This rank-based approach also enhances

obustness against outliers [ 20 ]. 

Equipercentile equating was applied to establish score comparabil-

ty between the CDR-SB and MoCA, ensuring that corresponding scores

eld the same relative position within their respective distributions. This

onparametric approach aligns the percentile rank distributions of two

ssessments, allowing scores to be considered equivalent if they occupy

he same relative position within their distributions [ 21 ]. Equipercentile

quating offers a more flexible approach to score alignment than linear

quating, which assumes normality and equal variance. Unlike linear

ethods, it accommodates the complexities often observed in cognitive
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d  
ssessments, including skewed distributions, floor and ceiling effects,

nd differing score ranges [ 21 , 22 ]. This technique adjusts not only for

ifferences in mean and standard deviation but also for higher moments

f the distribution, such as skewness and kurtosis, enabling more precise

armonization of instruments. By preserving the rank order of scores

nd accounting for response patterns that cluster at the high or low ends

f the scale, equipercentile equating enhances comparability across cog-

itive assessments, facilitating more accurate cross-instrument interpre-

ations. 

The process of establishing crosswalks between the CDR-SB and

oCA begins by smoothing the discrete score distributions using log-

inear transformation to produce more stable estimates of score proba-

ilities. This smoothing process reduces irregularities in the score dis-

ribution and mitigates the impact of sampling variability and measure-

ent error, ensuring more reliable and consistent results. To enhance

he precision and accuracy of the conversion, the optimal degree of

moothing is determined by systematically evaluating polynomial de-

rees (0, 1, 2, 3, …) using mean squared error (MSE), Akaike Infor-

ation Criterion (AIC), and Bayesian Information Criterion (BIC). The

ataset is divided into training and test sets to validate the results and

nsure generalizability. MSE, AIC, and BIC values are computed for each

moothing degree, and the optimal degree is selected based on the point

here further increases provide minimal improvements in these metrics.

To implement the crosswalks, equipercentile linking methods are ap-

lied using the R package “equate ” [ 16 ]. This method aligns the score

istributions of the two assessments, facilitating the estimation of equiv-

lent scores while accounting for differences in scale and measurement

roperties. The same approach is consistently applied to all conver-

ions presented in this study. This includes a comprehensive overview of

he criteria used to determine the optimal log-linear smoothing degree
Table 1 

Baseline demographic and clinical characteristics of the cohort. 

Full Cohort 

Cohort NC MCI D

Number of Patients 11,846 5349 5

Age 69.4 (10.8) 72.1 (9.2) 7

Education 16.1 (2.8) 15.7 (3.1) 1

CDR-SB 0.1 1.4 5

MOCA 26.2 22.2 1

Female (%) 65.2 49.6 4

White (%) 77 77.3 8

Black (%) 16.7 17.3 7

APOE – homozygous (%) 2.8 6.1 8

APOE – heterozygous (%) 23 28 3

APOE – non-Carrier (%) 53.6 44 3

CDR-SB range [0 - 11] [0 - 10] [

MOCA range [10 - 30] [4 - 30] [

Diagnoses (%) 

Neurodegenerative Disorders with CI - 73.1 9

Alzheimer’s Disease (AD) - 54.8 7

Lewy Body Disease (LBD) - 6.1 7

Frontotemporal Disorders (FTD) - 3 1

Vascular Dementia - 9.2 2

Cognitive Impairment Due to External Factors - 12.3 1

Traumatic Brain Injury (TBI) - 1.1 0

CNS Neoplasm - 0.1 0

CI Due to Alcohol and Substance Abuse - 0.5 0

CI Due to Systemic Disease - 2 0

CI Due to Medications - 0.4 -

CI Due to Others - 8.2 0

Psychiatric and Behavioral Disorders - 1.9 0

Bipolar Disorder - 0.2 0

Schizophrenia or Other Psychosis - 0.2 0

Anxiety Disorder - 0.9 0

Post-Traumatic Stress Disorder (PTSD) - 0.1 -

Other Psychiatric Disease - 0.5 0

Others - 12.6 4

At each visit, participants were assessed and categorized into one of four cognitive s

(Dem), or Cognitive Impairment not MCI (CI), based on clinical diagnoses. 

3

or each conversion, ensuring methodological rigor and reproducibility

cross all transformations. 

Bland-Altman plot was used to graphically assess the agreement be-

ween the raw scores and the equivalent scores generated through the

rosswalk [ 23 ]. By plotting the differences against the mean of the two

cores, this method allows for a direct visualization of the average agree-

ent and potential systematic bias across the score range. The mean dif-

erence (bias) and limits of agreement provide an intuitive assessment

f whether the linking function produces scores comparable to the origi-

al measure across the full score distribution, highlighting areas of good

greement or potential discrepancies. 

Once the score distributions are smoothed, the cumulative distribu-

ion functions (CDFs) of CDR-SB and MoCA are aligned to ensure that

ercentile ranks correspond accurately between the two assessments.

his alignment process allows scores on one scale to be directly mapped

o equivalent scores on the other, preserving the relative ranking of indi-

iduals within their respective populations. Conversion tables are then

enerated through inverse percentile matching, enabling direct score

ranslation while maintaining the integrity of score distributions. 

This method has been effectively used to equate scores between

oCA and MMSE [ 17 , 24 , 25 ], as well as other cognitive tests, allow-

ng for continuity in longitudinal studies and facilitating comparisons

cross different studies and populations. 

. Results 

.1. Descriptive statistics 

The study cohort included a diverse sample of individuals who un-

erwent cognitive assessments with both the CDR-SB and MoCA on the
Alzheimer’s Disease 

em CI MCI Dem CI 

438 1084 3018 3926 177 

1.4 (10.3) 69.9 (10.5) 73.4 (8.6) 72.7 (10.2) 75.2 (9.1) 

5.4 (3.2) 15.3 (3.1) 15.9 (3.1) 15.3 (3.3) 16 (2.9) 

.6 0.7 1.4 5.7 0.7 

5 23.8 21.8 14.4 24.7 

8.5 59.5 50.3 53.1 54.2 

7.2 66.1 79.4 86.3 85.3 

.6 27.1 15.7 8.5 11.9 

.7 2.1 8.4 11 3.4 

2.4 23.1 31.1 36.4 22 

7.9 51.9 40 32.6 59.3 

0 - 18] [0 – 7.5] [0 – 10] [0 – 18] [0 - 3.5] 

0 - 30] [5 - 30] [5–30] [0 – 30] [13–30] 

4.8 33.3 

3.9 20 

.2 4 

1.3 2.4 

.4 6.9 

.2 32.3 

.4 2 

 0.2 

.1 1 

.1 4.2 

 2 

.6 22.9 

 8.3 

 1.6 

 0.5 

 3.6 

 0.9 

 1.7 

.0 26.3 

tatuses: Normal Cognition (NC), Mild Cognitive Impairment (MCI), Dementia 
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Fig. 1. Frequency distribution of observed 

MoCA and CDR-SB test values from patients’ 

first visits in the full crosswalk cohort. 
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ame day. A total of 23,717 unique patients met the inclusion crite-

ia, contributing 59,871 recorded visits. The cohort was stratified based

n cognitive status at the first recorded visit: normal cognition (NC;

 = 11,846), mild cognitive impairment (MCI; n = 5349), dementia

Dem; n = 5438), and cognitively impaired but not MCI (CI [Not MCI];

 = 1084). The number of visits per patient ranged from 1 to 10, with

pproximately 40 % of patients having only one visit, reflecting differ-

nces in follow-up duration and retention within the registry. 

Table 1 summarizes the demographic and clinical characteristics of

he study cohort at their initial visit. The mean age was 69.4 to 72.1

ears across patient populations. The proportion of females was high-

st in the NC group (65.2 %) and decreased progressively across MCI

49.6 %), dementia (48.5 %), and CI [Not MCI] (59.5 %). The cohort was

redominantly White (66.1 % to 87.2 %), followed by Black (7.6 % to

7.1 %), with other racial groups comprising smaller proportions. APOE

enotyping was available for a subset of participants, revealing that most

ndividuals were non-carriers of the APOE 𝜀 4 allele. Among those carry-

ng the 𝜀 4 allele, heterozygous carriers outnumbered homozygous car-

iers, reflecting expected population distributions related to genetic risk

actors for AD. 

CDR-SB scores spanned a broad spectrum, ranging from no impair-

ent among those with normal cognition to high levels of cognitive and

unctional impairment among those with dementia. MoCA scores exhib-

ted a similar pattern, with higher scores generally observed in those

ith normal cognition and lower scores in individuals with dementia. 
4

Alzheimer’s disease was the primary etiologic diagnosis, accounting

or more than half of cases in the MCI and dementia groups. Table 1 also

rovides a detailed overview of patients with AD as their primary etio-

ogic diagnosis, with demographic information derived from their initial

isit. This subgroup, referred to as the AD cohort, included participants

iagnosed with either MCI due to AD or dementia due to AD, exclud-

ng those with mixed etiologies. Compared to the broader sample, this

ohort tends to be slightly older, with a mean age ranging from 72.7

o 75.2 years across cognitive categories and includes a higher propor-

ion of female participants. There is also a notably greater prevalence

f APOE 𝜀 4 carriers, reflecting the well-established genetic association

ith AD. The AD cohort was specifically used to examine the crosswalk

etween the CDR-SB and MoCA within the context of an Alzheimer’s

iagnosis. Lewy body disease, frontotemporal disorders, and vascular

ementia were also present, though at lower frequencies. Some cases of

ognitive impairment were attributed to non-neurodegenerative causes,

ncluding traumatic brain injury and systemic illnesses. 

.2. Correlation between CDR-SB and MoCA 

The distribution of test scores across clinically diagnosed cognitive

ategories is illustrated in Fig. 1 . For the CDR-SB, mean scores pro-

ressively increase with advancing cognitive impairment, ranging from

ormal cognition to dementia, reflecting greater functional and cogni-

ive decline. In contrast, mean MoCA scores decrease as cognitive im-
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Fig. 2. Equating models for CDR-SB to MoCA conversion using log-linear smoothing across degrees ( d = 1, 2, 3, and 4). 
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airment worsens, consistent with the MoCA’s scoring direction, where

ower scores indicate more severe cognitive dysfunction. As shown in

ig. 1 , CDR-SB scores demonstrate lower overlap across cognitive sta-

uses compared to MoCA, suggesting that CDR-SB may provide a more

istinct separation between different levels of cognitive impairment.

his clearer differentiation highlights its utility in distinguishing be-

ween cognitive stages within the AD cohort. 

The Spearman rank correlation coefficient between MoCA and CDR-

B is − 0.68 ( p < 0.001), indicating a strong and statistically significant

egative correlation between the two measures, as expected given their

nverse relationship in assessing cognitive function. 

.3. Score conversion 

This study successfully developed a robust conversion framework

etween CDR-SB and MoCA scores, enabling seamless interoperability

etween these widely used cognitive assessment tools. The conversion

odel was built on an equipercentile equating approach, which aligns
5

core distributions by matching percentile ranks, thereby allowing for

irect translation between the two measures. 

To address sparse score frequencies and improve the overall stability

f the transformation process, log-linear smoothing was applied to the

core distributions. The optimal degree of smoothing was determined

y systematically evaluating polynomial degrees (ranging from 1 to 10)

sing established criteria such as MSE, AIC, and BIC. The dataset was

artitioned into training and test sets to validate the models and ensure

heir generalizability. For the full cohort, a log-linear smoothing degree

f 4 provided optimal performance for converting scores in both direc-

ions. In contrast, within the AD cohort, a smoothing degree of 2 was

ptimal for the CDR-SB to MoCA conversion, while a degree of 3 yielded

he best results for converting MoCA to CDR-SB. This divergence high-

ights the importance of tailoring smoothing parameters to the clinical

haracteristics of specific subgroups, ensuring more precise and context-

pecific score equating in a homogeneous population. 

Model performance varied across the cognitive spectrum as illus-

rated in Fig. 2 . Lower smoothing degrees, such as degree 1, performed

dequately for cases at the extremes —normal cognition and severe de-
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Fig. 3. The figures present the equated models and optimal conversion ranges across various cognitive statuses. Fig. 4 (a) depicts the full cohort analysis, applying 

an equated conversion model with a log-linear smoothing degree of 4, while Fig. 4 (b) highlights the AD cohort analysis, using a log-linear smoothing degree of 2. 
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entia —but were less effective in distinguishing intermediate levels of

mpairment. In contrast, higher smoothing degrees, particularly degree

, significantly enhanced the model’s sensitivity in differentiating sub-

le transitions in cognitive status, such as distinguishing MCI from mild

ementia and mild from moderate dementia. 

Scatter plots of CDR-SB versus MoCA scores ( Fig. 3 ) demonstrated

hat the equated models aligned closely with clinically established cog-

itive thresholds. In this context, CDR-SB score cutoffs for disease stag-

ng in our study participants were: 0–0.5 for normal cognition, 0.5–4.0

or MCI, 4.5–9.0 for mild dementia, 9.5–14.0 for moderate dementia,

nd ≥ 14.0 for severe dementia. Correspondingly, MoCA scores of 26–

0 indicate normal cognition, 18–25 represent MCI, 10–17 correspond

o mild dementia, 5–9 denote moderate dementia, and 0–4 reflect severe

ementia. 

While the full cohort conversion model with a log-linear smooth-

ng degree of 4 provided accurate estimates across most cognitive sta-

uses, some overlap occurred between moderate and severe dementia

ategories. Notably, the AD cohort model —optimized with a smoothing

egree of 2 —exhibited superior performance in capturing transitions

ithin the severe dementia range, offering more precise differentiation

t the advanced stages of cognitive impairment. 

After smoothing the score distributions for both the CDR-SB and

oCA assessments, their CDFs were successfully aligned. This alignment

rocess allowed for the direct mapping of scores between the two scales

ased on corresponding percentile ranks within their respective popu-

ations. As shown in Fig. 4 , the aligned CDFs demonstrated a consistent

elationship between CDR-SB and MoCA scores across the full range of

bserved values. Lower CDR-SB scores (indicating better cognitive sta-

us) corresponded with higher MoCA scores, as expected. The percentile-

ased mapping preserved the relative ranking of individuals, ensuring

hat a given percentile on one assessment reliably reflected the equiv-

lent percentile on the other. This consistent correspondence confirms

he validity of using aligned CDFs for crosswalk conversions between

hese two commonly used cognitive assessments in AD research. 

Fig. 5 (a) presents the Bland-Altman plot for the conversion of CDR-

B scores to MoCA scores in the Full crosswalk cohort. The plot demon-

trates a 94.1 % agreement, indicating strong overall concordance be-

ween the raw and converted scores across the range of values. Similarly,

ig. 5 (b) displays the corresponding plot for the AD crosswalk cohort,

ith an even higher agreement of 95.5 %. To better visualize the dis-

ribution and concentration of data points, a kernel density estimation
6

KDE) overlay was applied to both plots. This density overlay helps iden-

ify areas where data points cluster more densely, offering additional

nsight into where the linking function performs most consistently or

here potential variability may exist. 

Robust conversion tables were derived from 1000 bootstrap itera-

ions to ensure reliability and precision, with 95 % confidence inter-

als (CIs) calculated based on the bootstrap distributions. These bidirec-

ional tables, presented separately for the full cohort and the AD cohort

 Table 2 ), round MoCA scores to the nearest integer and CDR-SB scores

o the nearest half-point. For instance, a MoCA score of 28 consistently

orresponds to a CDR-SB score of 0 across both cohorts, reinforcing its

tility as a marker of normal cognitive function. The conversion tables

lso revealed that scores at the extremes of the cognitive spectrum ex-

ibit narrower 95 % confidence intervals compared to those in the in-

ermediate range, indicating greater precision in these domains. 

Clinically, the cohort-specific conversion tables offer targeted util-

ty: the full cohort conversion is best suited for tracking transitions

rom normal cognition to MCI or mild dementia, while the AD co-

ort conversion provides enhanced accuracy for monitoring progression

ithin severe dementia stages. Given the imbalanced composition of the

ataset —with a predominance of normal and MCI cases —the focused

nalysis of the AD cohort yielded more precise conversions for patients

ith established Alzheimer’s dementia. 

. Discussion 

The conversion framework developed in this study leverages

quipercentile equating —a rigorous, nonparametric statistical

ethod —to create a bidirectional crosswalk between CDR-SB and

oCA scores. By aligning percentile ranks across these two widely

sed instruments, our approach enables scores from one assessment to

e translated into equivalent scores on the other, thereby facilitating

ore consistent disease monitoring, therapeutic decision-making, and

omparability of findings across diverse research and clinical practice

ettings in AD. Previous studies have linked MoCA to MMSE [ 17 , 24 , 25 ]

nd CDR to MMSE [ 26 , 27 ]. To our knowledge, this is the first direct

quipercentile crosswalk between CDR-SB and MoCA, extending prior

ork by enabling translation between cognitive and cognitive-plus-

unctional assessments, and offering a pragmatic tool for harmonizing

rial endpoints and observational cohorts. This framework was validated

hrough comprehensive model optimization and agreement analyses,
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Fig. 4. shows the equipercentile equivalent 

scores on the MoCA and CDR-SB scales, along 

with their corresponding percentile ranks. The 

dashed lines indicate points where MoCA 

and CDR-SB scores are considered equivalent, 

based on matching percentile ranks. 

Fig. 5. Bland-Altman plots illustrating the con- 

version of CDR-SB to MoCA scores are presented 

for the Full crosswalk cohort (a), demonstrating 

a 94.1 % agreement, and for the AD crosswalk 

cohort (b), showing a 95.5 % agreement. To en- 

hance visualization of the distribution and clus- 

tering of data points, a kernel density estimation 

(KDE) overlay was applied to both plots. 
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m  

c  
upporting its utility for data harmonization in large, heterogeneous

ohorts. Additionally, confidence intervals for each mapped score are

eported in the crosswalk tables ( Table 2 ), providing a quantitative

easure of statistical uncertainty. Notably, these intervals are found

o be consistent across the score range, including the mid-range where

linical thresholds for MCI and dementia are typically defined. This
7

eflects the robustness of our equating methodology and the large,

eterogeneous sample from which the crosswalk was derived. As a

esult, statistical precision is maintained across the cognitive spectrum.

While equipercentile equating aligns the score distributions of two

easures, it does not imply that the underlying constructs are fully inter-

hangeable. The CDR-SB encompasses both cognitive and functional do-
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Table 2 

Crosswalk reference: CDR-SB and MoCA score conversion tables. 

Full Crosswalk Cohort 

( N = 59,871) 

AD Crosswalk Cohort 

( N = 7121) 

Full Crosswalk Cohort 

( N = 59,871) 

AD Crosswalk Cohort 

( N = 7121) 

CDR-SB Eq. MoCA 95 % CI Eq. MoCA 95 % CI MoCA Eq. CDR-SB 95 % CI Eq. CDR-SB 95 % CI 

0 28 [28–28] 28 [28–28] 0 18.0 [18–18] 17.0 [16.5–18] 

0.5 24 [24–24] 25 [25–25] 1 18.0 [17.5–18] 15.0 [14–16] 

1.0 22 [22–22] 23 [23–23] 2 16.5 [15–18] 13.0 [12–14] 

1.5 21 [21–21] 21 [21–22] 3 13.0 [12–14] 12.0 [11–13] 

2.0 20 [20–20] 20 [20–20] 4 12.0 [11–12.5] 11.0 [10–11.5] 

2.5 19 [19–19] 19 [19–19] 5 11.0 [10.5–11.5] 10.0 [9.5–10.5] 

3.0 19 [18–19] 18 [18–18] 6 10.5 [10–10.5] 9.5 [8.5–10] 

3.5 18 [18–18] 17 [17–17] 7 9.5 [9.5–10] 8.5 [8–9.5] 

4.0 17 [17–18] 16 [16–16] 8 9.0 [9–9.5] 8.5 [7.5–9] 

4.5 17 [16–17] 15 [15–16] 9 8.5 [8.5–9] 8.0 [7.5–8.5] 

5.0 16 [16–16] 14 [14–15] 10 8.0 [8–8.5] 7.5 [7–8] 

5.5 15 [15–16] 14 [13–14] 11 8.0 [7.5–8] 7.0 [6.5–7.5] 

6.0 15 [14–15] 13 [12–13] 12 7.5 [7–7.5] 6.5 [6–7] 

6.5 14 [13–14] 12 [12–12] 13 7.0 [6.5–7] 6.0 [5.5–6.5] 

7.0 13 [12–13] 11 [11–12] 14 6.5 [6–6.5] 5.5 [5–6] 

7.5 12 [11–12] 10 [10–11] 15 5.5 [5.5–6] 5.0 [4.5–5.5] 

8.0 11 [10–11] 9 [9–10] 16 5.0 [4.5–5.5] 4.5 [4–5] 

8.5 9 [9–10] 9 [8–9] 17 4.0 [4–4.5] 4.0 [3.5–4] 

9.0 8 [8–9] 8 [7–8] 18 3.5 [3–4] 3.5 [3–3.5] 

9.5 7 [7–8] 8 [7–8] 19 2.5 [2.5–3] 3.0 [2.5–3] 

10.0 6 [6–7] 7 [6–7] 20 2.0 [1.5–2] 2.5 [2–2.5] 

10.5 6 [5–6] 7 [6–7] 21 1.5 [1.5–1.5] 2.0 [1.5–2] 

11.0 5 [5–5] 6 [5–6] 22 1.0 [1–1] 1.5 [1–1.5] 

11.5 4 [4–5] 6 [5–6] 23 0.5 [0.5–1] 1.0 [1–1] 

12.0 4 [4–4] 5 [4–6] 24 0.5 [0.5–0.5] 0.5 [0.5–1] 

12.5 3 [3–4] 5 [4–6] 25 0.5 [0.5–0.5] 0.5 [0–0.5] 

13.0 3 [3–3] 4 [3–5] 26 0 [0–0] 0 [0–0.5] 

13.5 3 [2–3] 4 [3–5] 27 0 [0–0] 0 [0–0] 

14.0 3 [2–3] 3 [2–4] 28 0 [0–0] 0 [0–0] 

15.0 2 [2–3] 2 [1–3] 29 0 [0–0] 0 [0–0] 

16.0 2 [2–2] 2 [1–2] 30 0 [0–0] 0 [0–0] 

17.0 2 [1–2] 1 [0–1] 

18.0 1 [0–1] 0 [0–0] 

Clinical Dementia Rating – Sum of Boxes (CDR-SB), Montreal Cognitive Assessment (MoCA). 
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ains, capturing real-world abilities such as managing personal care and

articipating in community activities. In contrast, the MoCA is a brief

ognitive screening tool that does not assess functional status and may

e influenced by educational and cultural factors. As such, scores de-

ived through statistical mapping reflect distributional correspondence

ather than conceptual equivalence and should be interpreted with cau-

ion, particularly when cognitive and functional outcomes may follow

ifferent trajectories [ 12 , 28–30 ]. 

Previous studies, including those conducted by the NACC, have

emonstrated the reliability of equipercentile equating in main-

aining continuity between new and existing cognitive assessments

 17 , 22 , 24 , 25 ]. Consistent with these findings, our study confirms the

tility of this approach for equating CDR-SB and MoCA scores. 

The robustness of the NACC dataset further strengthens the valid-

ty of our findings. This dataset is characterized by comprehensive and

tandardized data collection, which has previously enabled successful

quating between various cognitive measures. For instance, the NACC

rosswalk Study effectively utilized equipercentile equating to develop

ccurate conversion tables between new and legacy cognitive assess-

ents [ 22 ]. Our study extends these efforts by providing a new con-

ersion framework specifically linking CDR-SB and MoCA scores, facili-

ating more accurate data integration and interpretation across clinical

nd research contexts. 

To enhance the accuracy and stability of the equating process, we ap-

lied log-linear smoothing to the score distributions. Smoothing param-

ters were optimized by evaluating polynomial degrees (ranging from

 to 10) and selecting the degree that minimized MSE, AIC, and BIC

n a holdout validation set. This approach, previously used in dementia

cale harmonization studies [ 17 , 24 , 25 ], helped reduce overfitting and
8

reserved key distributional characteristics across subgroups with differ-

ng etiologies and disease stages, thereby supporting the generalizabil-

ty of our findings. For the full study participants, a smoothing degree

f 4 provided the best overall performance. In contrast, the AD cohort

emonstrated superior accuracy with a smoothing degree of 2 for CDR-

B to MoCA conversion and a degree of 3 for the reverse. This tailored

pproach underscores the importance of cohort-specific adjustments to

ptimize precision in different clinical contexts. 

The model’s performance varied across the cognitive spectrum, with

he degree of log-linear smoothing applied during equating playing

 critical role in the accuracy and interpretability of the crosswalk.

ower smoothing degrees (e.g., degree 1) performed adequately at the

xtremes of cognition —normal function and severe dementia —where

core distributions exhibit less variability and clinical profiles are more

learly defined, reflecting relatively homogeneous biological states.

owever, these lower degrees were limited in distinguishing interme-

iate levels of impairment due to overlapping score distributions and

easurement noise inherent to polytomous cognitive assessments. In

ontrast, higher smoothing degrees, particularly degree 4, enhanced the

odel’s sensitivity in capturing subtle cognitive transitions, such as dis-

inguishing MCI from mild dementia or mild from moderate demen-

ia, by reducing sampling variability while preserving clinically mean-

ngful trends. These findings align with prior research demonstrating

reater precision at the extremes of the cognitive continuum in MMSE-

oCA conversions, where clearly defined clinical profiles and reduced

oor/ceiling effects simplify equating [ 24 ]. It may also reflect overlap-

ing etiologies and variable progression that contribute to score vari-

bility. Importantly, improved precision in the mid-spectrum is particu-

arly relevant for early diagnosis and for accurately identifying patients
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ligible for clinical trials or disease-modifying therapies, where distin-

uishing between MCI and early dementia is critical for optimal patient

are and research outcomes. 

A major strength of our study is the development of separate conver-

ion tables for the AD cohort. This distinction reflects the heterogeneity

f cognitive impairment and the influence of underlying pathologies on

ognitive trajectories. The full cohort conversion is well-suited for moni-

oring transitions from normal cognition to MCI or mild dementia, while

he AD cohort conversion provides superior accuracy for assessing dis-

ase progression within established AD dementia stages. This nuanced

pproach enhances the clinical utility of the framework, allowing for

ore precise monitoring across the AD continuum. 

Clinically, this conversion framework enables seamless integration

f CDR-SB and MoCA assessments, supporting longitudinal monitoring

ven when different cognitive tools are used across timepoints. This

s particularly valuable in multi-center studies and real-world clinical

ractice, where assessment protocols often vary. Given the widespread

se of MoCA in routine clinical evaluations, the derived conversion

ables serve as a critical bridge between clinical research and every-

ay practice, facilitating the interpretation of cognitive and functional

hanges across diverse settings. This interoperability not only enhances

omprehensive patient evaluation —offering clinicians a more holistic

nderstanding of disease progression —but also informs policy decisions

nd reimbursement strategies. By providing a standardized method to

ranslate between these measures, the framework supports evidence-

ased decision-making in real-world contexts, improving alignment be-

ween clinical outcomes and healthcare policy. 

From a research perspective, the developed conversion tables facil-

tate data harmonization across studies utilizing different cognitive as-

essments. This improves statistical power, supports meta-analyses, and

nhances collaborative efforts across diverse research initiatives. By pro-

iding empirically derived, bidirectional conversions, this framework

ddresses a critical gap in AD research, fostering greater comparability

nd reproducibility of findings. 

Despite these strengths, several limitations warrant consideration.

irst, while our crosswalk demonstrates strong statistical precision

cross the cognitive spectrum, it is anchored to clinical diagnoses rather

han a biomarker- or pathology-based gold standard. Because CDR-SB

nd MoCA thresholds are not perfectly aligned with each other or with

nderlying disease biology, mapped scores —especially near diagnostic

utoffs —should be interpreted within a broader clinical context. Val-

dation in biomarker-defined cohorts is needed to confirm the extent

o which equated scores reflect true disease stage. Second, the conver-

ions were derived from a specific patient cohort, necessitating further

alidation in more diverse populations with varying demographic and

linical characteristics. While our cross-sectional approach provides a

obust snapshot of cognitive equivalence, future studies incorporating

ongitudinal data are needed to assess the stability of these conver-

ions over time. Third, fundamental differences between the CDR-SB

nd MoCA may impact the generalizability of our crosswalk. The CDR-

B assesses both cognitive and functional domains, including personal

are and community activities, capturing real-world impairment that

s not assessed by the MoCA. This distinction may limit the utility of

he crosswalk in cases of isolated cognitive disorders without significant

unctional decline [ 28 , 29 ]. Conversely, MoCA performance is sensitive

o education level and cultural background, which can lead to under-

stimation of impairment in individuals with lower educational attain-

ent. The semi-structured, informant-based format of the CDR may help

itigate the confounding effects of educational background [ 12 , 30 ]. Fi-

ally, extending this framework to additional cognitive and functional

easures may support the development of a more comprehensive toolkit

or assessing and monitoring AD progression. 

In conclusion, this study presents a rigorously validated, bidirec-

ional conversion framework between CDR-SB and MoCA scores, pro-

iding a practical solution for integrating cognitive and/or functional

ata across clinical and research settings. By enhancing the interoper-
9

bility of these widely used assessments, the framework promotes more

onsistent disease monitoring, facilitates data harmonization, and may

elp inform clinical and reimbursement decisions. These conversion ta-

les are intended to serve as a supportive tool and should be interpreted

ithin the broader clinical context, ideally in conjunction with addi-

ional clinical information and, where available, biomarker data. Fur-

her validation in biomarker-defined cohorts will be valuable to con-

rm their clinical relevance and to refine their application. As the field

dvances, such conversion tools will play a crucial role in improving

iagnostic accuracy, optimizing patient care, and accelerating research

n AD and related dementias. 
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