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Abstract

Introduction: The aim of this study was to develop a conditional normative model for

Rey’s Auditory Verbal Learning Test (AVLT) that accounts for practice effects.

Methods: In our normative sample, robust conditional norms were derived from 1001

cognitively unimpaired (CU) adults ages 50 to 89 who completed the AVLT up to eight

times. Linearmixed-effectsmodels adjusted for baseline performance, prior test expo-

sures, time, demographics, and interaction terms. In our preliminary validation, mean

performance on conditional and typical normative scores across two to four completed

follow-up tests in preclinical Alzheimer’s disease participants at baseline with positive

amyloid and tau positron emission (n = 27 CU amyloid [A]+tau[T]+) was compared to

biomarker negative individuals (n= 269 CUA–T–).

Results: AVLT performance using typical norms did not differ across A+T+ and A–T–

groups. Conditional norms z-scoreswere lower in theA+T+ relative to theA–T–group

for 30-minute recall (P= .033) and sum of trials (P= .030).

Discussion: Conditional normative methods that account for practice effects show

promise for identifying longitudinal cognitive decline.

KEYWORDS

Alzheimer’s disease, amyloid, biomarker, memory, mild cognitive impairment, neuropsychology,
practice effects, reliable change index (RCI), Rey Auditory Verbal Learning Test, robust norma-
tive data, standardized regression-based change scores (SRB), tau, transitional cognitive decline,
validity

1 INTRODUCTION

Distinguishing cognitive decline from normal aging in older adults

based on a single neuropsychological assessment is challenging. It

is increasingly recognized that serial testing may provide a better
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prognostic indicator for future conversion to mild cognitive impair-

ment (MCI) and dementia.1 Transitional cognitive decline in cogni-

tively unimpaired (CU) individuals on the Alzheimer’s disease (AD)

continuum represents a decline from a previous level of function-

ing, with performance still in the non-impaired range.2 Transitional
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cognitive decline can be based on subjective report by the indi-

vidual or informant, or on subtle decline on longitudinal cognitive

testing.2

Evaluating change over time is confounded by many variables

including practice effects, which obscure diagnostic accuracy and may

negatively impact clinical decision -making.3,4 Though evidence is

mixed and can vary by follow-up interval,5,6 prior studies show prac-

tice effects occur even in individuals with positive AD biomarkers and

MCI.7–9 One approach to account for practice effects is through con-

ditional normative models, defined as models conditioned or based

upon prior test exposure and performance.10 A conditional norma-

tive approach can be contrasted with typical unconditional norms

based only on cross-sectional data, though the normative score pro-

duced by conditional norms is interpreted similarly.10 Conditional

normative models use longitudinal data and evaluate the degree to

which an observed follow-up score differs from expected performance

based not just on demographic factors like typical norms, but also

on baseline performance, time since baseline, and number of subse-

quent test exposures.10,11 A conditional model is like standardized

regression-based change (SRB) approaches, although the latter is fre-

quently limited to two test sessions.3,12 Conditional norms and SRB

approachesbothdiffer fromsimpler reliable-change index (RCI) scores,

which indicate whether observed change is outside that expected

from error alone13 or error plus mean practice effect14 in a binary

fashion.

Our first aim was to develop a conditional normative prediction

model using a robust sample of older adults who remain CU over time.

The second aim was to assess clinical utility of the model by deriving

conditional norms in a validation sample of individuals with preclinical

AD at baseline based on positive amyloid and tau imaging biomarkers

and then comparing scores obtained using the conditional normative

model to typical normative data.15 The primary hypothesis was that

individualswithpreclinicalADwouldhave lower conditional normative

z-scores than CU individuals without positive AD biomarkers, and that

typical norms would be less sensitive to transitional cognitive decline

than robust conditional norms.

2 METHODS

2.1 Participants

The overall study design is shown in Figure 1. To address each aim, par-

ticipants were selected from the Mayo Clinic Study of Aging (MCSA),

an ongoing population-based study of cognitive aging among Olm-

sted County, Minnesota residents. Participants are randomly sampled

using the Rochester Epidemiology Project medical records-linkage

system. Enrollment follows an age- and sex-stratified random sam-

pling design to ensure equal sex representation in each 10-year age

strata; the complete study design and sampling procedures were pre-

viously published.16 The study protocols were approved by the Mayo

Clinic and Olmsted Medical Center Institutional Review Boards. All

participants provided written informed consent.

RESEARCH INCONTEXT

1. Systematic Review: The authors reviewed the literature

through primary source materials. Serial cognitive test-

ing is an important component of differential diagnosis

and early detection of Alzheimer’s disease (AD). There

are no current clinical practice standards for evaluating

cognitive change overmultiple longitudinal follow-up vis-

its. Moreover, there is limited normative data to account

for practice effects across multiple time points on the

Auditory Verbal Learning Test (AVLT).

2. Interpretation: Conditional normative models for the

AVLT that account for demographic variables, baseline

performance, and repeat test exposure aremore sensitive

to preclinical AD than conventional AVLT norms that do

not account for practice effects.

3. Future Directions: These AVLT conditional normative

models may help identify transitional cognitive decline in

AD and may also be useful in other clinical populations in

which cognitive changemay be expected.

Study visits included a physician examination, study coordi-

nator interview, and neuropsychological testing by a trained

psychometrist.16 The physician examination included a medical

history review, neurological examination, and the administration of

the Short Test of Mental Status.17 The study coordinator collected

demographic information, medical history, and completed the Clinical

Dementia Rating scale with the participant and informant.18 See

Roberts et al.16 for details about the neuropsychological battery.

2.2 Auditory Verbal Learning Test

As part of the neuropsychological test battery, all participants com-

pleted the Rey’s Auditory Verbal Learning Test (AVLT), a widely used

word list memory test.19 Participants are read a list of 15words (list A)

and asked to recall as many as possible over five learning trials, after

one intervening list and again 30 minutes later. This is followed by a

written recognition test.20 Participants were administered the same

version (FormA) at all visits.

2.3 Part 1: Developing robust conditional
normative data (training sample)

2.3.1 Sample

The robust sample consisted of 1001 CU adults ages 50 to 89 at base-

line. All participants were test naïve at the time of their baseline AVLT.

Participants completed as few as four and up to eight tests occurring
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F IGURE 1 Flowchart showing the overall study design andmethods.Part 1 (top row, red boxes) addresses study aim 1 to develop robust
conditional normative data; this is our training sample. Part 2 (bottom row, blue boxes) addresses study aim 2 to assess clinical utility for preclinical
Alzheimer’s disease; this is our validation sample. A, amyloid; AD, Alzheimer’s disease; AVLT, Auditory Verbal Learning Test; CU, cognitively
unimpaired; LMM, linear mixedmodel; MOANS,Mayo’s Older Americans Normative Studies; T, tau

approximately every 15 months. Fewer than 25% of participants had

completed≥9, thus tests 9+were omitted.

To avoid circularity or incorporation bias, the neuropsycholo-

gist’s diagnostic impression was not considered for inclusion criteria.

Instead, a diagnosis of MCI or dementia was based on a consensus

agreement between the interviewing study coordinator and examining

physician.21,22 To create a robust sample, participants were required

to be CU at all available follow-ups. Other exclusion criteria included

terminal illness or hospice.

2.3.2 Analysis

Models were generated using a linear mixed effects (LME) regression-

based approach that allows for multiple predictors and repeated mea-

surements at multiple time points. Furthermore, prior work indicates

similar regression-based approaches are more accurate predictors of

follow-up performance trajectory, or expected change over time, com-

pared to other methods.23 Three LME models were fit, one for each

AVLT measure including trials 1 through 5 total, 30-minute delayed

recall, and sum of trials (trials 1–5 total + short delay recall + long

delay recall). Within-subject variability in the model was specified by a

random slope and intercept per participant (i.e., random effects). Pre-

dictions from these models were used to generate normative scores

conditioned on practice effects for each AVLT measure of interest.

Models were set up to predict from test number 2 onward by adjust-

ing for the baseline value of the AVLT measure, age at baseline, sex,

and education. Prior work has suggested these demographic factors

have a significant impact on cognitive change over time,24 and that

baseline test performance is the strongest predictor of follow-up

performance.25 To account for practice effects, test number (2, 3, 4, 5–

8) and time since baseline were also included as factors. Decade of age

centered at 75 was used (age at baseline in years – 75)/10. To assess

whether rates of decline over time differed by demographic factors,

interaction terms were also evaluated, including sex by time, educa-

tion by time, age at baseline by time, and baseline performance by

time. Semi-sequential log likelihood ratio tests of educationby timeand

age by time interactions were not significant at the α = 0.05 level and

were excluded from the models. Graphical representation and good-

ness of fit measures were used to assess assumptions of normality and

homogeneity of variance.

After conditional models were finalized, prediction intervals for an

AVLT score for each set of covariates in the robust sample were gen-

erated using demographic variables, baseline performance, time since

baseline, and test number. ThepredictInterval R function fromthemer-

Tools package was used to generate predicted mean scores at each

follow-up. This function generates prediction intervals that account for

residual variation, uncertainty of fixed effects, and uncertainty of vari-

anceparameters of the randomeffects. Tohave anormative calculation

tool that can be applied to individuals not included in this study, ran-

dom effects were not used to generate predictions. Prediction interval

inclusion probabilities were set at 95% and taken as 2.5th and 97.5th

percentiles of 1000 simulations generated by predictInterval. The pre-

dicted test score at each follow-up was taken as the median from the

same simulations. To convert to a z-score scalemore precisely, multiple

simulationswere run. Predicted test score and intervalwere converted

to z-scores using the median of 5000 simulated standard deviations.

Conditional normalized scores on the z-score scale for each follow-up

test were then derived using the difference between the observed and

predicted values, and corresponding standard deviation for that value.
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2.4 Part 2: Preliminary validation of conditional
normative data in preclinical AD (validation sample)

2.4.1 Sample

Conditional norms were tested on a sample of preclinical AD partic-

ipants with positive amyloid and tau imaging (CU amyloid [A]+ tau

[T]+29)whowereexpected tohaveahigher rateof intra-individual cog-

nitive decline relative to CU A–T– individuals.26 All participants were

required to be CU at baseline, were AVLT naïve at baseline, and >50

years of age. Participantswere required to have at least one completed

follow-up test and most (83.4%) had three follow-up tests available.

Two participants (7%) in the A+T+ group were diagnosed with MCI

during at least one of their follow-up visits (2–4), whereas <1% of

A–T– participants were diagnosed with MCI. For validation, diagnosis

followed typical MCSA procedures,16 and was based on consen-

sus among the neuropsychologist, study coordinator, and examining

physician.

Positron emission tomography (PET)/computed tomography (CT)

was performed using Pittsburgh compound B for amyloid and flortau-

cipir for tau, and individuals were considered A+ using a threshold of

standardized uptake value ratio (SUVR) ≥ 1.48 (centiloid 2227) and T+

(using a temporal lobe meta region of interest [ROI]) at a threshold of

SUVR ≥ 1.25.28–30 Biomarker subgroups were based on the recently

proposed research framework for a biological diagnosis of AD2 and

included participants with negative amyloid and tau PET biomarkers

(A–T–) and participants with preclinical AD (A+T+).

2.4.2 Analysis

Predictions and intervals of the mean score were generated by pre-

dictInterval for the validation sample and excluded variation from the

random effects. Conditional z-scores were generated for individuals in

the validation sample. To compare mean performance across CU A–T–

and CU A+T+ groups, t-tests (α = 0.05) were performed using both

the conditional normative z-scores and typical age-corrected Mayo’s

Older American Normative Studies (MOANS) scores. To facilitate

comparison of the two methods, the typical age-corrected MOANS

scaled scoreswere converted to z-scores. Studyhypotheses focusedon

results that averaged across follow-up visits 2 through 4.

3 RESULTS

3.1 Part 1: Robust conditional normative data

3.1.1 Sample characteristics

Participants were predominantly White (see Table 1). The mean (stan-

dard deviation [SD]) age of the samplewas 71.54 (7.24), andmean level

of education was 15.08 (2.53). AVLT performance by follow-up test

number is shown in Table 2. Figure 2 illustrates performance trajecto-

TABLE 1 Robust normative sample characteristics

No. of participants at baseline (%)

(N= 1001)

Age, years, mean (range) 72 (51–89)

50–59 71 (7.1%)

60–69 268 (26.8%)

70–79 535 (53.4%)

80–89 127 (12.7%)

Sex (male) 496 (49%)

Education, years

8–12 258 (26%)

13–15 247 (25%)

16 213 (21%)

17–20 283 (27%)

Race

Non-White 12 (1%)

White 989 (99%)

ries for test numbers 2 through 8 in males and females. Performance is

shown separately for individuals at the 25th (Figure 1A), 50th (Figure

1B), and 75th (Figure 1C) percentiles.

3.1.2 Model characteristics and distributional
properties

Table 3 shows fixed effects estimates for predictors included in the

model. Evaluation of model estimates indicates baseline performance,

sex, and age at baseline are the strongest predictors of longitudinal

performance (all P < .001). Non-linear practice effects were allowed

within themodel. Therewas little evidence of additional practice effect

beyond five test exposures; therefore, the effect of test number 5 and

beyond was collapsed into one model term. Essentially, the effect of

practice with reference to test number 2 was captured by a set of four

categorical terms within the model (test number 3, 4, 5+). The final

interaction terms included in the model were baseline performance

by time and sex by time, as prior work indicates baseline performance

and sex modify cognitive performance and impact rates of cognitive

change over time.11,25 The interactions education by time and age at

baselineby timedidnotmeet criteria for inclusion in finalmodels. Addi-

tion of non-linear effects for remaining variables, including age, did not

improve overall model fit, and thus only linear age is represented in the

model. Years of education, time from baseline, and test number were

also significant predictors, though statistical significance varied across

AVLT variables. Due to the limited number of participants with fewer

than11years of education (N=9), all individualswith10or fewer years

of education were included as education= 11, with the remaining par-

ticipants’ level of education increasing linearly from 12 years on. As a

result, themodelmay be less applicable to individuals with lower levels

of education.
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F IGURE 2 Robust normative sample Auditory Verbal Learning Test (AVLT) raw scores.Raw score estimates over test numbers 2 through 8
are displayed for males and females for the AVLT delayed recall and sum of trials. Test number 1 (baseline) is not depicted as it is one of themodel
predictors and not amodel output. A, Performance trajectories at the 25th percentile, (B) at the 50th percentile, and (C) at the 75th percentile

3.2 Part 2: Preliminary validation of conditional
normative data in preclinical AD

3.2.1 Sample characteristics

The preliminary validation sample consisted of 269A–T– and27A+T+

participantswhowereCUat baseline (see Table 4). There is some over-

lap among participants in the validation and robust samples (7.69%

of the total robust normative sample are in both, specifically 62 CU

A–T– and 15 CU A+T+). Given the size of the robust normative sam-

ple, this overlap is unlikely to significantly impact results; further, no

participant-specific random effects terms were used to derive con-

ditional normative scores (e.g., were not included in predictions and

z-score generation). The A+T+ group was older than the A–T– group

(see Table 4). Groups were comparable on sex and level of educa-

tion. Baseline AVLT performance did not differ across A+T+ and A–T–

groups. PET imaging was obtained, on average, 2.68 (1.26) years after

baseline AVLT.

3.2.2 Group comparisons

Across two to four follow-up tests, the typical MOANS delayed recall

mean z-score did not differ between the A–T– and A+T+ groups (P =

.791; see Table 4). However, the conditional normative z-scores that

account for practice effects and typical trajectories of AVLT perfor-

mancewere significantly lower in theA+T+ group relative to theA–T–

group for 30-minute delayed recall (P = .033) and sum of trials (P =

.030) when averaging across all follow-up tests. Examining each sep-

arately, there were no group differences at test numbers 2 and 3. At

test number 4, there were significant group differences on AVLT trials

1 through 5 (P= .044) and sum of trials (P= .017).

3.2.3 Illustration of clinical utility

Figure3 illustrates performance trajectories for the preliminary valida-

tion sample, as well as two individual participants.

4 DISCUSSION

This study highlights the importance of developing and using robust

conditional normative data that can be applied to longitudinal neu-

ropsychological assessments. While most prior normative studies that

are designed to evaluate significant change over time for the AVLT

provide normative models for a single follow-up assessment, this

study presents conditional normative data for up to seven follow-up
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F IGURE 3 Comparative performance trajectories in validation sample participants for 30-minute recall.Example of performance
trajectories across four tests for AVLT 30-minute delayed recall. A,B, Performance trajectories for the entire validation sample depicted by
biomarker group using the traditional cross-sectionalMOANS norms applied at each follow-up (A) and the conditional normativemodel at second
through fourth follow-up (B). C,D, Two individual participants, with corresponding raw and numeric normative scores reported in (E). The first
participant is a 64-year-old female with 16 years of education who is A–T– and remains CU across all follow-up tests (orange solid line).
Conditional norms suggest this individual demonstrated a higher than typical improvement in performance at test number 2 and the trajectory
remained above average at test numbers 3 and 4. The second participant is a 65-year-old female with 14 years of education who is A+T+ and is CU
at tests 1 and 2, but is diagnosedwithMCI at tests 3 and 4 (blue dashed line) per consensus conference. Despite a subtle improvement in raw score
at test number 2, the conditional norm suggests that this individual’s ability to benefit from practice was subtly low relative to similar peers. At test
number 3, despite an identical raw score as test number 1, the conditional norms indicate this individual’s trajectory over time is deviating from
what is typical and this corresponds with the consensus diagnosis ofMCI at this test number. By test number 4, performance is clearly abnormal
per conditional norms that consider the number of test exposures (failure to benefit from practice), baseline performance, age, education, sex, and
time since baseline despite aMOANS score that is only subtly low and in a rangemany label as within normal limits (equivalent to a z of –1) and a
raw score only 1 point lower than the baseline test number. A, amyloid; AVLT, Auditory Verbal Learning Test; CU, cognitively unimpaired;MCI, mild
cognitive impairment; MOANS,Mayo’s Older Americans Normative Studies; T, tau
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assessments. This flexible model can be applied after at least two and

up to seven follow-up assessments. By using a linear mixed-effects

normative model, we not only include baseline performance and num-

ber of test exposures to account for practice effects, but also relevant

demographic factors that can impact trajectories. In a preliminary

validation sample, results show that the z-scores derived from the

conditional norms model were more sensitive to transitional cogni-

tive decline in preclinical AD than traditional baseline MOANS norms

applied repeatedly across test sessions. Overall, these findings sug-

gest that conditional norms may be a powerful tool for clinicians and

researchers for detecting and monitoring early cognitive changes in

AD, and likely for determining trajectories of change over time in other

neurological disorders as well. We used the publicly available Shiny

package from RStudio31 to develop a web-based application that pro-

vides a calculation tool to allowothers to apply these conditional norms

for non-commercial clinical and research use, which is available at

https://rtools.mayo.edu/avlt_conditional_norms/.

At present there is no established standard for defining when a

clinically meaningful change in test performance has occurred. Unlike

reliable change indices that focus on whether the amount of change

is significantly different from chance,32 the conditional model indi-

cates the magnitude of observed performance deviation from the

expected longitudinal cognitive trajectory of a CU individual at a spec-

ified follow-up in the form of a continuous z-score. This model cannot

be used for the first exposure to the AVLT (baseline assessment). Our

updated conventional norms for a single time point assessment are

recommended for a baseline administration of the AVLT.33 These con-

ditional norms can be applied for any follow-up (up to 7) when baseline

and relevant demographic data are available. Applying this model can

help identify when individuals do not show the expected benefit from

practice on follow-up testing.34,35 This provides an easily interpretable

metric that does not rely on a change over any single time interval

and can help determine whether and to what extent an individual’s

trajectory is atypical. This approach can be used in the same way as

conventional normative scores andhelps remove subjective judgement

about whether a predefined or specific amount of change is clinically

significant.

Previous work demonstrated that conditional models outperform

unconditional models (i.e., typical cross-sectional norms) that do not

account for practice in their ability to identify individualswith cognitive

impairment.10 While similar, our study differs from this prior work due

to the robust nature of our sample, whichwas comprised of individuals

who remained CU for the entire length of time they were followed in

the MCSA, even beyond the number of AVLT administrations included

in the normative models. Many prior studies that provide methods

for defining clinically meaningful cognitive change based on conve-

nience samples may unintentionally include asymptomatic individuals

who later develop incident MCI.36 Although such samples may be

representative of the broader population,37 research suggests robust

normative samples decrease performance variability, raise mean per-

formance estimates, and increase sensitivity toMCI anddementia.38,39

Therefore, robust normative data can likely improve diagnostic

https://rtools.mayo.edu/avlt_conditional_norms/
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TABLE 4 Characteristics of validation sample by groupwithmeans and standard deviations of AVLT performance combined across test
numbers 2–4, and separately beginning at baseline

CUA–T–

(n= 269)

M (SD)

CUA+T+

(n= 27)

M (SD) P-value

Mean age at baseline (SD) 62 (8) 69 (4) <.001

Age range 50-87 61-76

Mean level of education (SD) 15 (2) 15 (3) .349

Mean time of PET from baseline in years (SD) 2.64 (1.26) 3.02 (1.24) .136

Sex (%male) 151 (56%) 16 (59%) .755

Nwith follow-up data available by cycle

AVLT number 2 258 27

AVLT number 3 249 27

AVLT number 4 221 26

Baseline AVLT performance

30-minute Recall observed raw score 9.20 (3.22) 8.63 (3.27) .385

MOANS 30-minute Recall scaled score 10.61 (2.59) 11.19 (2.80) .276

AVLT performance across test numbers 2–4

30-minute recall observed raw score 10.02 (3.39) 8.69 (3.52) .002

MOANS 30-minute recall z* 0.52 (0.94) 0.49 (1.04) .791

30-minute recall conditional norm z −0.06 (1.45) −0.42 (1.45) .033

Trials 1–5 conditional norm z −0.10 (1.39) −0.34 (1.47) .143

Sum of trials conditional norm z −0.11 (1.45) −0.49 (1.59) .030

AVLT performance at test number 2

30-minute recall observed raw score 9.98 (3.32) 8.81 (3.66) .086

MOANS 30-minute recall z* 0.48 (0.92) 0.46 (1.10) .906

30-minute recall conditional norm z 0.04 (1.38) −0.29 (1.49) .235

Trials 1–5 conditional norm 5 −0.06 (1.34) −0.39 (1.34) .223

Sum of trials conditional norm z −0.06 (1.38) −0.45 (1.51) .170

AVLT performance at test number 3

30-minute recall observed raw score 10.00 (3.42) 8.81 (3.43) .088

MOANS 30-minute recall z* 0.50 (0.95) 0.54 (1.05) .832

30-minute recall conditional norm z −0.18 (1.47) −0.44 (1.40) .387

Trials 1–5 conditional norm z −0.17 (1.41) 0.02 (1.64) .516

Sum of trials conditional norm z −0.21 (1.48) −0.21 (1.69) .993

AVLT performance at test number 4

30-minute recall observed raw score 10.09 (3.46) 8.42 (3.58) .022

MOANS 30-minute recall z* 0.59 (0.96) 0.47 (1.01) .555

30-minute recall conditional norm z −0.04 (1.49) −0.54 (1.50) .106

Trials 1–5 conditional norm z −0.07 (1.42) −0.67 (1.38) .044

Sum of trials conditional norm z −0.07 (1.50) −0.82 (1.56) .017

Notes: P-values represent t-test for mean comparisons or Pearson’s Chi-squared test for frequency comparisons. z, z-score; sum of trials, total of trials 1–5+

6+ 30-minute recall.

*MOANS scaled scores were converted to z-scores for ease of interpretation.

Abbreviations: A, amyloid; AVLT, Auditory Verbal Learning Test; CU, cognitively unimpaired; MOANS, Mayo’s Older Americans Normative Studies; SD,

standard deviation; T, tau.
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accuracy relative to use of traditional norms that may unintentionally

underestimate rates of cognitive impairment.

Sample composition may also impact the degree of practice effects

observed. Prior results from our group suggest practice effects vary

depending on the presence or absence of neurodegeneration,9 which

may explain differences in the magnitude of observed practice effects

across studies, as other studies report relatively negligible practice

effects.40 The present findings show the largest practice effect occurs

between the first and second test (Cohen’s d’s=0.23 to0.24). Although

small in magnitude these results resemble those previously reported

for a comparable follow-up interval and suggest different test char-

acteristics may play a role in degree of practice effect results across

cohorts.7,40

Longitudinal neuropsychological assessment is increasingly recog-

nized as integral to detecting early and transitional cognitive decline in

older adults. For example, rate of cognitive decline in preclinical ADcan

predict future risk for conversion to MCI.41 The present study found

that participants with preclinical AD at baseline had significantly lower

conditional z-scores over all follow-up compared to those that were

biomarker negative. This suggests the conditional normative approach

maybemore sensitive to transitional cognitive decline in preclinical AD

and may help facilitate early diagnosis when applied to serial assess-

ments. Similarly, other recent studies indicate regression-based change

models developed for use in longitudinal neuropsychological assess-

ment are sensitive to subtle cognitive decline, may improve diagnostic

accuracy, and can aid in preclinical AD staging.40,42 Collectively, these

studies underscore the importance of using normative models specif-

ically developed for use in repeat neuropsychological assessment,

which can improve our ability to detect transitional cognitive decline.

Furthermore, longitudinal normative data may play an important role

in enrichment of clinical trials, wherein repeated cognitive assess-

ment can help identify individuals most at risk for future cognitive

decline.

This preliminary validation of the conditional normative model

focused on preclinical AD. However, this approach is likely applica-

ble to other clinical populations in which evaluating cognitive change

over time is an important aspect of patient care. For instance, it is

common for patients to be evaluated pre- and post-treatment/surgery

in other neurological populations, such as epilepsy, neuro-oncology,

essential tremor, and Parkinson’s disease.43,44 While it may be antici-

pated that some individuals show improvedperformanceasopposed to

decline, the model would be sensitive to whether individuals remained

stable (i.e., do not show expected practice effects) or showed added

benefit from practice beyond what is expected in a typical CU indi-

vidual, and could therefore be used in the same fashion. In addition,

because the conditional model is capable of being applied at multi-

ple time points, it would be useful in clinical populations who undergo

long-term surveillance.

There are also some limitations to this work. First, there is limited

racial and ethnic diversity among Olmsted County residents, and con-

ditional normative data in a more diverse sample is needed. Second,

as with other normative studies, the model may be less applicable to

individuals at the extremes of the sample distribution, such as level

of education less than 11 and age less than 50. Last, even robust nor-

mative samples may include individuals who remain CU over time but

who have subclinical neurodegenerative and cerebrovascular changes,

or positive AD biomarkers that could subtly influence robust norma-

tive models. For example, 15 CU individuals in the robust normative

sample were A+T+. In addition, there are fewer participants having

completed five or more tests, and some caution is needed when apply-

ing this model for clinical interpretation at later time points. However,

the number of participants and length of time they were followed are

considerable strengths of our study, as we provide data for 1001 indi-

viduals, 250 of whom completed up to eight serial neuropsychological

assessments over 9 years. To the best of our knowledge, this is one of

the largest robust samples that provides longitudinal data for theAVLT.

Future directions include evaluating application of these conditional

norms in other populations and validation in an independent sample.

Developing conditional norms for additional neuropsychological tests

and combining them into a composite score in the future may also

improve early detection in individuals withmore widespread deficits.

In summary,wepresent a valuable clinical and research tool that can

beused toobjectively quantify an individual’s degreeof departure from

a typical cognitive trajectory. Application of these conditional norms to

a sample with preclinical AD suggests that the conditional normative

method has promise for identifying transitional cognitive decline.
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