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Abstract
Objective: Few normative data for unsupervised, remotely-administered computerized cognitive
measures are available. We examined variables to include in normative models for Mayo Test Drive (a
multi-device remote cognitive assessment platform) measures, developed normative data, and
validated the norms.
Method: 1240 Cognitively Unimpaired (CU) adults ages 32-100-years (96% white) from the Mayo
Clinic Study of Aging and Mayo Alzheimer’s Disease Research Center with Clinical Dementia
Rating® of 0 were included. We converted raw scores to normalized scaled scores and derived
regression-based normative data adjusting for age, age?, sex and education (base model); alternative
norms are also provided (age+age’+sex; age+age”). We assessed additional terms using an a priori cut-
off of 1% variance improvement above the base model. We examined low test performance rates (<-1
standard deviation) in independent validation samples (n=167 CU, n=64 mild cognitive impairment
(MCI), n=14 dementia). Rates were significantly different when 95% confidence intervals (CI) did not
include the expected 14.7% base rate.
Results: No model terms met the a priori cut-off beyond the base model, including device type,
response input source (e.g., mouse, etc.) or session interference. Norms showed expected low
performance rates in CU and greater rates of low performance in MCI and dementia in independent
validation samples.
Conclusion: Typical normative models appear appropriate for remote self-administered MTD
measures and are sensitive to cognitive impairment. Device type and response input source did not
explain enough variance for inclusion in normative models but are important for individual-level
interpretation. Future work will increase inclusion of individuals from under-represented groups.

Keywords: Neuropsychological Tests, Cognitive Screening, mobile health, telemedicine, Smartphone

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.


mailto:stricker.nikki@mayo.edu
https://doi.org/10.1101/2024.09.14.24313641
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.09.14.24313641; this version posted September 16, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

MNS Mayo Test Drive remote norms 2
Introduction

Normative data (i.e., norms) provide an estimate of where an individual’s test performance falls
relative to other individuals. Norms are a critical component of neuropsychological tests to aid
individual level interpretation of performance, helping to determine normal versus abnormal
performance in conjunction with expert clinician judgment. Despite their importance, they are often
only available in technical manuals without undergoing peer review. Further, many computerized tests
do not have publicly available normative data despite the availability of norms for users (Alden et al.,
2021), or are briefly mentioned in supplements to manuscripts (Tsoy et al., 2020). Peer-reviewed
norms are available for only select computerized neuropsychological tests, and these typically
represent in-clinic administration (Casaletto et al., 2015; Gualtieri & Johnson, 2006). Normative data
for self-administered computerized measures completed in unsupervised remote environments are
starting to become available (Singh et al., 2021) but remain relatively limited and frequently do not
include platforms that offer smartphone compatibility (Feenstra, Vermeulen, Murre, & Schagen, 2018;
Stiver et al., 2024; Visser et al., 2021).

Mayo Test Development through Rapid Iteration, Validation and Expansion (Mayo Test Drive,
MTD) is a cognitive testing platform developed for remote self-administered digital cognitive
assessment (J. L. Stricker et al., 2022; N. H. Stricker et al., 2022). MTD is a web-based, multi-device
compatible (smartphone, tablet, desktop/laptop computer) platform that can be easily accessed and
completed by individuals being assessed. MTD typically takes 15-20 minutes to complete and shows
high usability (98.5% completion rates remotely (Patel et al., 2024)) and adequate test-retest reliability
(Hughes et al., 2024; N. H. Stricker et al., 2022). Additionally, MTD’s cognitive subtests provide more
in-depth assessment of targeted cognitive domains relative to traditional screening tests. These subtests
include the Stricker Learning Span (SLS), a novel computer adaptive word list memory test with
learning and delay trials (J. L. Stricker et al., 2022; N. H. Stricker, Stricker, et al., 2024) and the
Symbols Test, an open-source measure of visual matching and processing speed/executive function
(Boots et al., 2024; Nicosia et al., 2022). The SLS shows significant associations with an in-person
memory measure, the Rey Auditory Verbal Learning Test (RAVLT) (Boots et al., 2024). The SLS also
shows significant associations with amyloid and tau PET, hippocampal volume, and white matter
hyperintensities (Boots et al., 2024), as well as entorhinal cortical thickness (N. H. Stricker et al.,
2022). The SLS differentiates individuals with a biological definition of Alzheimer’s disease (AD)
based on PET imaging markers similarly to the RAVLT and shows sensitivity to preclinical AD (N. H.
Stricker, Stricker, et al., 2024). The Symbols test shows significant associations with in-person
processing speed/executive functioning measures including Trail Making Test B and Wechsler Adult
Intelligence Scale-Revised (WAIS-R) Digit Symbol Coding (Boots et al., 2024). The SLS and
Symbols Test are combined into an MTD screening battery composite total raw score (MTD
Composite) (Boots et al., 2024). Both the MTD Composite and SLS show large effect sizes for
differentiating individuals with MCI/dementia from cognitively unimpaired individuals (Boots et al.,
2024). In summary, MTD shows promise for clinical utility and will benefit from published norms to
further support clinical use.

Normative data commonly adjust for key demographic variables such as age, sex and education
to provide a more tailored estimate of an individual’s deviation from expected performance.
Considering adjustment for factors beyond demographics may be needed in developing normative data
for remote self-administered assessments. For example, environmental context, interruptions, device
type, and response input source used (e.g., mouse versus touch) all have the potential to impact test
performance. We previously showed significantly faster response times in individuals completing the
Cogstate Brief Battery in clinic on a desktop/laptop computer with a mouse compared to when
completed on iPads with touch response in clinic, but there were no differences across devices on
measures of accuracy (visual memory, working memory); longitudinal trajectories were also largely
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similar for both device types (Stricker et al., 2019). Our prior work also demonstrated lower
performance accuracy on a visual memory measure (Cogstate One Card Learning) when completed at
home compared to in clinic (N. H. Stricker et al., 2020); however, many studies comparing remote and
in-clinic performances of computerized measures have shown no performance differences (Backx,
Skirrow, Dente, Barnett, & Cormack, 2020; Cromer et al., 2015). It is possible that our isolated finding
of worse at-home performance may have been due to increased frequency of environmental
distractions in the home environment. For example, Madero and colleagues (Madero et al., 2021)
showed that about 7% of participants experienced environmental distraction defined as looking away
from a camera using eye tracking while completing a 5-minute visual paired-comparison task, and
primary outcome scores were about 3% lower for participants who were distracted. Many platforms
have self-report questions to help inform the potential for environmental distractions to influence
performance, but no studies have examined whether there is a need to incorporate this into normative
models for remote assessment measures.

The aim of this study was to develop normative data for measures completed in predominantly
unsupervised remote environments via the MTD platform including the Stricker Learning Span (SLS),
Symbols Test, and MTD Composite. We hypothesized that MTD measures would show significant
relationships with age, sex, and education. We examined whether other variables may be necessary to
include in normative models given the digital remote self-administration emphasis, including device
type, response input source, and potential interference or distraction. We evaluated normative model
performance by applying normative data to independent samples (cognitively unimpaired, mild
cognitive impairment, and dementia) to provide initial validation data for these norms.

Method

Participants

The MTD study is an ancillary protocol that recruits from collaborating parent studies. Most
participants in the current study were recruited from the Mayo Clinic Study of Aging (MCSA). The
MCSA is population-based study of aging in Olmsted County, Minnesota; participants are randomly
sampled by age- and sex-stratified groups using the resources of the Rochester Epidemiology Project
medical records-linkage system (St Sauver et al., 2012; St. Sauver, Grossardt, Yawn, Melton, & Rocca,
2011). MCSA exclusion criteria are having a terminal illness or receiving hospice care. Study visits
consist of a physician examination that includes administration of the Short Test of Mental Status
(Kokmen, Smith, Petersen, Tangalos, & Ivnik, 1991), study coordinator interview that includes the
Clinical Dementia Rating (CDR®) instrument (Morris, 1993) and neuropsychological testing
supervised by a clinical neuropsychologist (MMM, JAF) (Roberts et al., 2008), each of whom makes
an independent diagnostic determination of CU, MCI, or dementia. Only the neuropsychologist has
access to in-person neuropsychological data for this diagnostic determination. Following independent
diagnostic assessment, a final diagnosis of cognitively unimpaired, MCI (Petersen, 2004), or dementia
(American Psychiatric Association, 1994) is determined through consensus agreement (Petersen, 2004;
Roberts et al., 2008). Mayo Test Drive is independent of diagnosis (e.g., the data are not available for
review at the time of diagnosis). The MCSA diagnostic evaluation also does not consider prior clinical
information, prior diagnoses, or knowledge of biomarker status. Further details about the MCSA study
protocol are available (Roberts et al., 2008). Additional participants were recruited from the Mayo
Alzheimer’s Disease Research Center (ADRC) in Rochester, MN and Jacksonville, FL. The diagnostic
procedure for ADRC participants is similar to MCSA in that data from a neurologic evaluation, mental
status examination, CDR®, and neuropsychological assessments are independently reviewed by
respective specialists, with final diagnosis determined by consensus agreement. Unlike MCSA
procedures, however, the final consensus diagnosis does reflect prior clinical information, prior
diagnoses and biomarker status.
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This study was completed in accordance with the Helsinki Declaration. Study protocols were
approved by the Mayo Clinic Institutional Review Board (IRB); the MCSA parent study protocol also
includes approval by the Olmsted Medical Center IRB. All participants provided written informed
consent for the primary study protocols (MCSA, ADRC); oral consent (provided after reading
informed consent elements sent in an email or described verbally) was obtained for the ancillary Mayo
Test Drive study protocol. No compensation was provided for participation in the ancillary study.

Inclusion Criteria for Normative Sample

The inclusion criteria for the normative sample included: (1) baseline MTD session; (2)
concordant CU diagnosis for MCSA participants, meaning that the study coordinator, examining
physician, and neuropsychologist each independently assigned a CU diagnosis; a consensus diagnosis
of CU was used for ADRC participants; (3) Global CDR® of 0; (4) MTD Composite not missing (e.g.,
all SLS and all Symbols Test data available); (5) valid session; and (6) test naive, defined as not having
been exposed to MTD prior to participation in the current study. We prioritized stringent inclusion
criteria (e.g., all evaluators assigning a CU diagnosis, CDR=0) as our prior work has demonstrated the
importance of careful refinement of normative samples to improve sensitivity to MCI and dementia (N.
H. Stricker, Christianson, et al., 2024). See Figure 1 for a summary of participant exclusions. Baseline
MTD sessions for all included individuals were completed between May 25, 2021 and April 30, 2023
using MTD platform v1 (1.0104-1.0111).

Inclusion Criteria for Independent Validation Samples

We derived independent validation samples to examine performance of normative data models.
Baseline MTD sessions completed between May 25, 2021, and December 14, 2023, with all SLS and
Symbols data available (MTD Composite not missing) and no missing demographic data that were not
included in the normative sample were eligible for inclusion. We report results by diagnostic groups,
defined as follows: Concordant CU — the same inclusion criteria for the normative sample were
applied and only individuals who completed MTD between May 1, 2023 and December 14, 2023 were
included; Discordant CU — the participant had a consensus diagnosis of CU but at least one rater did
not assign a CU diagnosis in their independent determination; this group was included as an
exploratory validation sample; MCI — per consensus diagnosis; Dementia — per consensus diagnosis.

Mayo Test Drive Measures

MTD platform v1 was used for this study. We created normative data for three primary MTD
variables: (1) MTD Composite; (2) SLS Sum of Trials; and (3) Symbols Test accuracy-weighted
average correct item response time (referred to as Accuracy-Weighted Symbols or SYMaw) (Boots et
al., 2024; N. H. Stricker, Stricker, et al., 2024). We also generated normative data for secondary
variables to aid clinical interpretation. See Table 1 for a definition of each variable. Note that SYMaw
represents the average response time (RT) on correct items on Symbols across all four trials (inversed),
multiplied by the accuracy of performance (see Supplemental Online Materials for specific
computation details). Although this makes the primary SYM variable slightly more complicated to
interpret based on that score alone, the purpose of this variable is to 1) inverse Symbols so that it can
be added to SLS performance for the MTD Composite, and 2) to allow accuracy performance to
contribute to interpretation of the SYM primary variable. Users can reference the secondary variables
to inform the underlying pattern of performance (e.g., accuracy and various versions of response speed
separately). Some research studies may choose a secondary SYM variable as a preferred outcome, with
the choice depending on the nature of the population being studied and the goals of the research.

Normative Methods
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We applied normative methods similar to our other recent Mayo Normative Studies
publications (Karstens et al., 2023; N. H. Stricker et al., 2021; N. H. Stricker, Christianson, et al.,
2024) by using a regression-based normative approach.

Unadjusted Scaled Score Derivation

Each test score distribution was first normalized (Casaletto et al., 2015; Heaton, Miller, Taylor,
& Grant, 2004). Specifically, raw test scores were converted to normalized unadjusted scaled scores
(unadj. SS) by calculating their percentile rank based on the cumulative frequency distributions of raw
scores and then transformed to follow a normal distribution with mean of 10 and standard deviation of
3 with the use of PROC RANK in Statistical Analysis Software (SAS) Version 9.4. Figure S1 shows
how unadjusted scaled scores vary by level of age, sex and education.

Model Selection

Quantitative (e.g., R> = percent variance explained via linear regressions) and visual inspection
methods were used to investigate the effects of demographic variables on test performance. Single and
multivariable regression models examined effects of a priori selected demographic variables of age,
age’, sex, and education on scaled scores. These a priori selections are supported by visualization
(Figures 2 and 3).

To avoid overfitting the model on statistical significance alone, additional predictors were
considered for inclusion if at least 1% incremental variance (adjusted R?) was explained beyond a
priori predictors (age, age®, sex, education = base model). The unadjusted scaled score was the
outcome variable (Y). Additional model terms were added to the base model to determine the need for
potential additional variables. Adjusted R’ was used for these models to correct for the number of
model terms included. No additional variables resulted in an increment in R? >1%, so the base model
was retained as the final model; see results for details.

Fully-Adjusted Normative T-Score Derivation (Age, Age®, Sex, and Education)

Next, we generated linear regression models to predict scaled scores from age, age?, sex, and
education. Residuals for linear regression equations were obtained and converted to T-scores, that is
standardized to have a mean of 50 and SD of 10. We examined the need for smoothing to ensure
variance of residuals was equal in magnitude across the range of predictors and applied smoothing as
necessary. We calculated the predicted mean (SD) age, sex, and education adjusted T-scores for
categorized levels of age (30-59, 60-69, 70-79, 80+), sex, or education (<=12, 13-15, 16, 17+). The
desired mean and SD was 50 (10) in each category, but a mean within 3 points (Heaton et al., 2004)
and SD between 9.4 and 10.6 was considered acceptable (Karstens et al., 2023; N. H. Stricker et al.,
2021).

Age and Sex-Adjusted Normative T-Score Derivation (Age, Age’, and Sex)

We also created norms that adjust for age and sex only. While adjustment for education is often
recommended, remote assessment can result in situations where educational history is not available.
For example, educational level may be unknown if remote assessment screening is employed pre-visit.

Age-Adjusted Normative T-Score Derivation (Age and Age’)

We also derived norms that only adjust for age. Normative models that adjust for age only can
aid comparison to other measures that only adjust for age. The degree of demographic adjustments
applied can impact sensitivity to cognitive impairment and further exploration of this is needed. For
example, we recently reported an unexpected finding that shows age-adjusted norms provide better
sensitivity to MCI/dementia for men; though this increase in sensitivity also leads to reduced
specificity (N. H. Stricker, Christianson, et al., 2024).
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Formulas and How to Use the Norms

Automated calculations are built into the Mayo Test Drive platform (v2) and are also available
in an excel spreadsheet upon request. First, unadjusted scaled scores are derived from the raw scores
using lookup tables. Look up tables for the raw score to scaled score conversions are provided in
Tables 2-4. Then, T-scores for a subject’s raw score(s) are calculated with the formulas provided in
the Supplemental Online Material. Table S1 shows the smoothing applied and formulas for all
variables. Formulas are provided for age-, sex- and education-adjusted T-scores (ASE), age- and sex-
adjusted T-scores (AS), and age-adjusted T-scores (A). Education level determination rules are the
same as previously reported (Karstens et al., 2023).

Neuroimaging Methods

A subset of participants had neuroimaging data available, which we include in this manuscript
for sample characterization. Specifically, for those with available data, we report mean biomarker
levels by group and describe the percentage of the normative and validation samples with positive
biomarkers based on the amyloid tau neurodegeneration (AT2N) framework (Jack et al., 2024; Jack et
al., 2018) using the imaging data closest to the baseline MTD session within three years. Amyloid and
tau positivity was determined using Pittsburgh Compound B PET (PiB-PET) and tau PET (flortaucipir)
(Jack et al., 2008; Jack et al., 2017; Vemuri et al., 2017) acquired using a GE Discovery RX or DXT
PET/CT scanner. A global cortical PiB PET standard uptake value ratio (SUVR) was computed by
calculating the median uptake over voxels in the prefrontal, orbitofrontal, parietal, temporal, anterior
cingulate, and posterior cingulate/precuneus regions of interest (ROIs) for each participant and
dividing this by the median uptake over voxels in the cerebellar crus gray matter (Jack et al., 2017).
For tau PET we utilized median uptake over the voxels in the meta regions consisting of entorhinal,
amygdala, parahippocampal, fusiform, inferior temporal, and middle temporal ROIs normalized to the
cerebellar crus gray matter (Jack et al., 2017). Cutoffs used to determine amyloid (A) and tau (T)
positivity were SUVR > 1.48 (centiloid 22) (Klunk et al., 2015) and > 1.29 (Lowe et al., 2019),
respectively. MRI scans were conducted on a Siemens 3T Prisma scanner using a 3D Magnetization
Prepared Rapid Acquisition Gradient-Echo (MPRAGE) sequence. As previously described (Ashburner
& Friston, 2005; N. H. Stricker et al., 2022), SPM12 Unified Segmentation was used for tissue-class
segmentation with Mayo Clinic Adult Lifespan Template and Advanced Normalization Tools (ANTs)
symmetric normalization was used to warp the MCALT-ADIR122 atlas for computing intracranial
volume (ICV) and hippocampal volume (Avants et al., 2011; Schwarz et al., 2016). Hippocampal
volume was adjusted for ICV as previously described (N. H. Stricker et al., 2022). Values were
additionally natural log transformed and z-scored. The cutoff applied to determine neurodegeneration
(N) positivity was hippocampal volume ICV adjusted z <= -0.76.

Additional Statistical Methods

We winsorized age at the 1% and 99" percentile (39.2 and 92.2, respectively). Data were
descriptively summarized using counts and percentages for categorical variables and means and
standard deviations for continuous variables. Comparison of variable distributions across groups were
performed using chi-square tests for categorical variables and ANOVA tests for continuous variables.
Pearson correlation coefficients measured the linear relationship between performance on MTD
measures and demographic variables. We applied the normative formulas to independent validation
samples (CU concordant, CU discordant, MCI, dementia). We calculated the observed proportions of
participants performing below a cut-off of -1 SD (T<40, unadj. SS<7). We also calculated 95%
confidence intervals (Cls) around those observed proportions. Rates were considered significantly
different than expected when 95% ClIs did not include the expected 14.7% frequency (since the
cumulative distribution function up to -1 SD from the mean is 14.7%) (Karstens et al., 2023; N. H.
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Stricker et al., 2021). We also checked these rates in the normative sample itself. Age, sex, and
education-adjusted T-scores were hypothesized to have Cls that included the expected 14.7% base rate
for the concordant CU participants (normative sample and independent validation sample), and to have
ClIs that did not include the 14.7% base rate for MCI and dementia participants (independent validation
samples). Discordant CU analyses were exploratory. We also completed secondary, exploratory
analyses comparing the frequency of low test scores. Chi-square analyses were used to compare the
proportion of low test performance across samples (e.g., CU concordant validation sample versus MCI,
etc.). To compare use of different normative options that provide varying degrees of demographic
adjustment on the same individuals, paired comparisons were completed using a 2x2 table approach to
statistically compare agreement across two norms using McNamar p-values (performed using the
/agree option in PROC FREQ in SAS); we report these analyses only within the MCI group to reduce
the number of comparisons and focus on when small differences in sensitivity by normative selection
may be most of interest.

Analyses were performed using SAS (SAS Institute Inc., Cary, NC) version 9.4. All tests- were
2-sided, and a p<0.05 was considered significant.

Results

Characteristics of the Normative Sample

The normative sample was comprised of 1240 concordant CU adults aged 32-100 years
(mean=69.8, SD=11.8) with 51.5% female and 95.5% non-Hispanic White participants, and the mean
education was 15.8 years (SD=2.3; Table 5). Nearly all participants (99.5%) completed MTD remotely
(e.g., unassisted and unsupervised); six participants completed MTD in clinic based on our
documentation of in-clinic MTD visits (n=6). Self-report of completing MTD “in a clinic” was slightly
higher (n=9), potentially reflecting individuals who work at a clinic or research center or an error in
location selection. Most participants reported completing the test session at home (91.9%), and some
completed testing at work (6.6%) or in a public space (0.7%). Most participants reported completing
MTD on a personal computer (64%), with fewer participants using mobile devices (21% smartphone,
14% tablet). Mouse was the most frequently reported response input source (53%), followed by touch
or touchpad/trackpad (44%); a minority used a stylus (2%) or were not sure of the response input
source (1%). The frequency of potential interference was 15.9% overall (Table 5, see Table S2 for
more granularity).

Associations of demographics and other variables of interest with MTD performance

Pearson correlations between test performance (raw scores) and age, sex, and education were
significant for all MTD primary variables (Figure 2) and nearly all secondary MTD variables (Table
S3). Increments in adjusted R-squared for scaled score measures are presented in Table 6. Age
associations were strongest for Symbols, sex effects were more prominent for the SLS relative to
Symbols, and education effects were present for all variables but relatively small in magnitude relative
to age and sex. Line plots showing model-predicted raw scores for age, age?, sex, and education (12, 16
and 20 years) are provided in Figure 3 to illustrate effects of demographic predictors.

Normative Model Selection Results

For primary MTD variables, no additional predictors met the criterion of at least 1%
incremental variance explained in the model beyond a priori predictors (Table 6). Although device
type, response input type, and potential interference did not meet the a priori criteria, some of these
variables were significantly associated with the primary outcome variables, even after adjusting for
age, sex and education. These variables are likely important to consider for individual-level
interpretation and thus are briefly summarized for primary variables (Table S4). Test performance was
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lower when potential interference was reported during the session for all three primary variables.
Device type was significant for MTD composite and SLS Sum of Trials, with those completing a
session on a tablet performing worse than those completing a session on a personal computer.
Response input source type was not significantly associated with SLS performance or the MTD
Composite but was significantly associated with Accuracy-Weighted SYM performance, with lower
performance for touch relative to mouse.

Normative Sample Model Checks

Figure 4 illustrates that derived fully adjusted T-scores correct for age effects, with T-scores
showing a mean of approximately 50 across all ages. Mean (SD) of age/sex/education adjusted t-scores
were similarly within the desired range of mean=47-53 and SD=9.4-10.6 for age categories, sex, and
education categories for all outcomes (Figure 5, Table S5). There were some combinations of these
age/sex/educ categories that did not fall in the desired ranges (e.g. men aged 80+ with 10-12 years of
education for MTD raw composite, Figure S2), but these combinations had very small sample sizes
(Table S6). Within the normative sample, the confidence limit of proportion with age/sex/education
adjusted T-score contained 14.7% for all variables (Table S7). Fully adjusted T-scores removed
relationships to demographic variables (all Pearson correlation p’s > 0.79), as expected. See
Supplemental Online materials for additional model checking methods.

Independent validation sample results

The independent validation samples were comprised of 167 concordant CU, 149 discordant
CU, 64 MCI, and 14 dementia participants. When comparing these 4 validation samples and the
normative sample, there were no significant differences in sex, race/ethnicity, rates of interference
reported, device type, or response input type (Table 5). There were differences between groups in age
and education. Those with some degree of cognitive impairment (discordant CU, MCI, dementia) were
older than concordant CU participants, and discordant CU and MCI participants had lower education
on average.

Both the fully-adjusted T-scores and the age- and sex-adjusted T-scores showed expected rates
of low test performance in the concordant CU validation sample (95% CI includes 14.7%) for all
primary variables (Table S7). Application of the age-adjusted T-scores showed slightly higher than
expected base rates of low test performance for SLS sum of trials (21.0%), but not for the other two
primary variables (Figure 6 and Table S7).

Application of norms showed sensitivity to cognitive impairment, with the discordant CU,
MCI, and dementia validation samples all showing significantly greater levels of low test performance
than typical base rates for all primary variables (Figure 6 and Table S7). For example, low test
performance frequencies for the MTD composite were 43.0% in discordant CU, 62.5% in MCI and
71.4% in dementia for the fully-adjusted T-scores (Figure 6). Most secondary variables also showed
significantly greater than expected levels of low test performance for the discordant CU, MCI and
dementia groups, with the exception of Symbols total correct (i.e., Symbols accuracy; Table S7).

Chi-square tests comparing the frequency of low test performance across all groups were
significant (all p’s <.001 for primary variables; data not shown). Chi-square tests comparing paired
groups (Table S7) showed a significantly higher rate of low test performance in discordant CU, MCI,
and dementia validation samples compared to the concordant CU validation sample for the MTD
Composite and SLS Sum of Trials (p <.001 for all), and Symbols test (p <.01). MCI versus dementia
group comparisons generally showed no significant difference in the frequency of low test
performance, though this comparison is limited by low power. There was a significantly higher rate of
low test performance in the MCI group compared to the discordant CU group for the MTD Composite
and SLS Sum of Trials (all p’s <.01), as well as the Symbols test (p’s <.05). A similar pattern was
generally seen for secondary MTD variables.
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Exploratory cross-norm comparisons are reported within the MCI group to examine the impact
of varying levels of demographic adjustment on sensitivity to MCI (Table S8). Relative to fully-
adjusted T-scores, age-adjusted T-scores and unadjusted scaled scores showed higher sensitivity than
fully-adjusted T-scores (p=0.005 and p=0.03, respectively) for the MTD composite. For SLS sum of
trials, sex-adjusted T-scores showed higher sensitivity than fully-adjusted T-scores (p=0.03). For
SYMaw, unadjusted scaled scores showed higher sensitivity than all T-score options (p’s ranged from
.01-.03). No other within T-score comparisons for the MCI group were significant.

Exploratory analyses looking at amyloid PET, tau PET and hippocampal volume among the
subset of participants with imaging data available (42%) shows that the normative sample and
concordant CU validation samples tend to have the lowest rates of neuropathological abnormality, but
some disease pathology is present in these groups (Table 5). For example, abnormal amyloid PET is
seen in 23-32% of concordant CU participants. Slightly higher rates (43.5% and 48.6%) are seen in
discordant CU and MCI participants, respectively, and dementia participants show the highest rate of
amyloid positivity (89%).

Discussion

This study provides regression-based normative data for self-administered multi-device
compatible neuropsychological measures completed in predominantly unsupervised remote
environments (99.5% remote) in a well-characterized normative sample of community-dwelling
individuals ranging in age from 32-100 years. We demonstrated best model fit when incorporating age
(in linear and quadratic forms), sex, and education as demographics. Factors specific to remote digital
assessment (e.g., test interference, device type, etc.) did not explain enough additional variance to be
included in normative models for MTD measures. Sensitivity of MTD normative data to discordant
diagnosis of CU, MCI, and dementia was also examined, with expected greater levels of low test
performance seen in these samples. These normative data are provided at a time when production of
publicly available and peer-reviewed norms for remote and unsupervised digital cognitive assessments
is still in its infancy. However, use of digital cognitive assessment as part of clinical care is becoming
increasingly commonplace. With this normative data provided for MTD neuropsychological measures,
it is our aim to make remote cognitive assessment with MTD more accessible, transparent, and
interpretable for clinical use.

As expected, age, sex, and education were all significantly associated with test performance.
Age explained the greatest percentage variance for the Symbols test. Given that the Symbols test is a
measure of processing speed/executive function, this is not surprising, as it is well established that
these cognitive domains, especially processing speed, are most impacted in normal aging (Bosnes et
al., 2022; Salthouse, 2010). Age also explained a significant percentage of the variance for the SLS;
however, the amount of variance explained was relatively modest compared to the Symbols test. We
previously showed that age correlations with SLS were qualitatively larger in magnitude than age
correlations with the AVLT (N. H. Stricker et al., 2022). We have also demonstrated that differing
inclusion criteria can impact the magnitude of age associations (N. H. Stricker, Christianson, et al.,
2024). Here, our strict inclusion criteria (concordant diagnosis of CU, CDR=0) and self-selection for
participating in remote digital assessment may have led to a normative sample with less potential
pathological neurodegeneration, and in turn may have reduced age associations. It is worth noting that
while it has been suggested that neurodegeneration (particularly AD-related pathological change)
should explain more variance in cognitive performance compared to age (Jutten et al., 2023), age-
related variance likely accounts for other factors (e.g., other non-AD pathologies/neurodegeneration,
medical factors, and accumulative structural and social determinants of health) that meaningfully
contribute to cognitive performance. Sex contributed significant additional variance particularly for the
SLS, which was expected given known sex differences wherein women outperform men on verbal
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memory measures across the lifespan (N. H. Stricker et al., 2021). Additionally, once age and sex were
accounted for, education only accounted for 1-2% of additional explained variance. This pattern is also
true for in-person traditional neuropsychological test normative data from the Mayo Normative
Studies. Education still explains a significant amount of variance, which is in line with findings that
those with higher levels of education generally perform better on cognitive measures.

Given the digital, remote and self-administration emphasis of MTD, we examined whether
other variables related to this form of assessment may be necessary to include in normative models,
such as device type, response input source, and potential for interference/distraction. We chose to
retain sessions that included potential for interference within the normative dataset because it is most
representative of remote self-administered assessments and is part of the rationale for providing norms
collected under the same context as planned use for the digital assessment. We characterized the
frequency of endorsed subtest interference (range 2-9%, depending on subtest and subtest duration) as
well as the frequency of noise reported in the environment (4%). While we did show a statistically
significant detrimental effect of potential interference, at the group level the overall magnitude of this
effect was relatively small (e.g., potential interference resulted in about 0.7 lower performance on
MTD Composite after controlling for age, sex and education). Most importantly, none of the remote,
digital testing variables met the 1% incremental variance threshold for inclusion in normative models
(only 0.4% for MTD Composite for example). Visser and colleagues (Visser et al., 2021) also reported
the frequency of interruptions and noise in their remote self-administered normative sample, although
they did not evaluate whether these factors warranted inclusion in normative data. We are aware of one
digital assessment, TestMyBrain, that includes device/operating system type along with age, sex, and
education in its normative data, presumably because several TestMyBrain subtests show substantial
device difference effects (Passell et al., 2021) although a specific normative data publication is not yet
available. While consideration of device and response input source effects is important, there are
potential drawbacks to including these types of variables in normative models. For example, it may not
be feasible or practical for broad users of the normative data to easily include these variables when
applying normative data to individual persons because self-report of device type as well as automated
collection of device details (e.g., parsing of user agent data) are both subject to error and to changes
over time. Device and response input source options also continually expand and evolve. Together, our
findings demonstrate that inclusion of these variables for MTD as part of normative data was not
warranted. However, we still strongly encourage consideration of these variables for aiding individual-
level test interpretation given their potential impacts on test performance. Further, this finding may not
generalize to other digital cognitive assessments as we made specific efforts to limit the potential
impact of varying device use in the test development phase (J. L. Stricker et al., 2022).

Normative model performance was validated by applying normative data to four independent
validation samples, and we saw expected greater levels of low test performance for all primary MTD
variables in the discordant CU, mild cognitive impairment, and dementia groups relative to the
concordant CU group. While we did not see significant differences in low test performance between
the MCI versus dementia groups, potentially due to limited power given the small sample size and the
predominantly very mild severity of our participants with dementia (e.g., 79% had a global CDR of 0.5
or less), we did see greater frequency of low test performance in MCI compared to discordant CU.
These results mirror findings seen with AVLT normative data (N. H. Stricker, Christianson, et al.,
2024) and are expected given findings that MTD performance differs between CU, MCI, and dementia
(Boots et al., 2024) in a similar fashion as other memory measures. Further, these findings continue to
highlight the importance of removing individuals with MCI from normative data, which now extends
to remote digital normative data. Our exploratory findings with the discordant CU group highlight that
even more stringent criteria may be beneficial when developing normative data, as individuals still
considered CU, but with dissent among assessors, had lower test performance, and were more likely to
have abnormal amyloid, tau, and neurodegeneration on neuroimaging metrics. The importance of a
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refined normative sample for digital cognitive assessment measures was similarly apparent in our past
work applying a < -1 SD cut-off using available Cogstate normative data, wherein we showed 38%
sensitivity of the Cogstate Brief Battery Learning/Working Memory composite to MCI (Alden et al.,
2021).

Norms are provided that adjust for a varying number of demographic variables, from fully-
adjusted regression-based norms (age, age squared, sex and education) to regression-based norms that
adjust for age and sex, or only age, to none (unadjusted scaled scores that represent performance based
on the entire normative sample without demographic adjustment). While we typically recommend use
of the fully-adjusted norms to best understand how an individual is performing relative to peers, our
prior work demonstrates that this recommendation may need some flexibility. For the AVLT, for
example, we demonstrated that norms that only adjust for age were more sensitive to MCI/dementia
than fully-adjusted norms for men (N. H. Stricker, Christianson, et al., 2024). Our current
MCI/dementia validation samples for Mayo Test Drive are too small to examine potential sex-specific
differences in sensitivity of norms and cut-offs applied; this is an important planned future direction.
Additionally, while normative data remains a gold standard for understanding cognitive performance
in the context of multiple factors, raw score cut-offs have their own utility in clinical practice,
particularly for screening purposes, and can be complementary to normative data. For example, a < 40
T-score cut-off (< -1 SD) with fully-adjusted norms showed 63% sensitivity to MCI and 71.4%
sensitivity to dementia, whereas applying an unadjusted scaled score <7 (< -1 SD, which is equivalent
to using a MTD composite raw score cut-off of < 85) showed 75% sensitivity to MCI and 86%
sensitivity to dementia while maintaining 85% specificity in the independent Concordant CU
validation sample. Future work with MTD will derive raw score clinical cut-offs to complement
normative data in order make MTD more accessible for other practitioners (Neurology, Primary Care)
for screening purposes. Indeed, some have argued that because advancing age and low education are
themselves causal in the dementia pathway that we should not adjust for age and education for
screening measures (Piccininni, Rohmann, Wechsung, Logroscino, & Kurth, 2023).

This study has several strengths. It is among the first normative data studies of a remote, self-
administered, digital assessment. As such, provision of normative data will aid in introduction of MTD
to clinical settings and allow for greater ease and accessibility for cognitive assessment at a time where
early screening for cognitive decline is important, particularly as related to assessing risk for
Alzheimer’s disease. Our ability to include and assess the influence of digital and remote-specific
variables, such as test interference and device and response input types, extends our understanding of
how these factors impact test performance at group levels. Additionally, these normative data benefit
from a large, population-based sample with a broad age range; this sample was also created with the
ability to exclude individuals with any indication of cognitive impairment, increasing the robustness of
this normative data. However, this study is also limited by its sample — given the normative sample
predominantly resides in Olmsted County, MN, there is a dearth of racial/ethnic diversity in these
normative data. As such, we are actively working to include more individuals from historically
underrepresented and underserved communities in our work and future iterations of normative data.
Although education had a modest effect, the sample was well above the national average in educational
achievement. For example, based on 2015 U.S. Census data, 49.7% of individuals 65 and older have
some college or more, whereas 88.7% of the MTD normative sample (mean age 70) has 13 years of
education or more and the average education in this sample was almost a 4 year college degree (Ryan,
2016). This may reflect the general demographic of Olmsted County given the population-based design
of the MCSA, or this may be additionally related to the lower rates of internet use reported among
older adults with high school education or less compared to college graduates (Pew Research Center,
2017). Additionally, although the normative age range is from 32-100, most (92%) of the individuals
were ages 50-89 (see Table 5). MTD was developed with a goal of assessing subtle cognitive change
as related to Alzheimer’s disease and thus will most likely be used predominantly in this age range;
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nevertheless, utility for younger adults will benefit from increased sample sizes in the future. Another
limitation is that while multiple variables and normative score options may be helpful for clinical
practice within neuropsychology (like the numerous process scores provided for many
neuropsychological tests, for example), this can complicate straightforward use in primary care or for
clinical trial study entry decisions. MTD variable selection and cut-off choice should ideally be
validated for each specific context of use.

In addition to potential utility for cognitive screening, self-administered remote
neuropsychological tests can be used to complement traditional tele-neuropsychology and in-person
neuropsychology evaluations. The guidelines for the practice of telepsychology by APA include both
synchronous and asynchronous methods in the definition of telepsychology (Joint Task Force for the
Development of Telepsychology Guidelines for, 2013). Asynchronous methods can be a helpful
complement to real-time tele-neuropsychology (Singh & Germine, 2021). Self-administered measures
can also be facilitated and monitored via interactive telehealth methods. The Inter Organizational
Practice Committee (IOPC) posted guidelines during the COVID pandemic on remote assessment that
state, “Conceptually, it would seem reasonable to consider computerized or web-based assessments to
assist with remote testing, when our patients are interacting via their own computer” (Bilder et al.,
2020; "Inter Organizational Practice Committee. Recommendations/guidance for teleneuropsychology
(TeleNP) in response to the COVID-19 pandemic," 2020). However, concerns were raised that the
necessary normative and validation studies typically were not available or normative data was based on
in-clinic settings. The current manuscript and our prior validation studies (Boots et al., 2024; N. H.
Stricker, Stricker, et al., 2024; N. H. Stricker et al., 2022) offer support for using MTD (or other
remote self-administered cognitive assessments with appropriate supporting data) to complement
available tele-neuropsychology evaluations in the manner conceptualized by the IOPC. While
asynchronous remote cognitive measures completed in isolation should largely be viewed as cognitive
screening, when used as part of a more comprehensive neuropsychological or neurological work-up
they can contribute meaningfully to an overall assessment. We advocate for a hybrid neuropsychology
approach, as described by Singh & Germine (2021). Further, incorporating self-administered
computerized neuropsychological tests alongside traditional neuropsychological tests can help
neuropsychologists understand how new tests perform in the context of more familiar measures. The
addition of self-administered digital neuropsychological measures may be particularly important for
tele-neuropsychology evaluations to provide measures of processing speed/executive function that can
be logistically challenging if the examinee is in a home setting. If such measures are completed
remotely pre-visit, they can be added without having to give up administration of person-administered
tests, thus maximizing appointment time for measures requiring interactive administration.
Additionally, memory measures with auditory-only administration, while often well-suited to
telehealth evaluation, may be problematic for use with adults with hearing impairment. The SLS
provides a helpful alternative for assessment of verbal memory in individuals with hearing impairment.
Pre-visit results may also be helpful for assessment planning. Increased familiarity and expertise with
new digital measures through hybrid use will help neuropsychologists be better prepared to help
oversee and facilitate their use in other multidisciplinary clinics. See Feenstra et al. (2018) for an
excellent review of the myriad factors that should be considered and addressed to facilitate reliable
online self-administered neuropsychological test administration. With the involvement of
neuropsychologists to help oversee appropriate use, the use of remote neuropsychological tests can
help promote equitable access to sensitive cognitive screening measures and can assist with earlier
diagnosis and intervention for individuals with cognitive impairment.

In summary, this study generated normative data for remote, multi-device compatible, self-
administered digital cognitive assessments administered via the MTD platform. Results showed that
variables such as test interference, device type, and other factors specific to digital assessment did not
meet inclusion criteria for normative data modeling, but still have relevance for individual test
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performance interpretation. Further, validation findings demonstrate expected lower test performance
in discordant CU, MCI, and dementia groups, providing further evidence of sensitivity to cognitive
impairment. Together, this work shows the utility of developing normative data for remote, self-
administered neuropsychological tests and their potential for clinical use.
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Table 1. Mayo Test Drive (MTD) Measure Descriptions, Variable Names, and Observed Characteristics in Normative Sample

Measure Abbreviated Variable [Normative Sample | Formula / Description
Name ? Mean (SD), Range
Primary Variables
MTD Composite ° mtdrawcompositevl 109.1 (19.7), 33- | SLS Sum of Trials + Accuracy-Weighted SYM. This
148 raw score composite functions like a total score.
SLS Sum of Trials slssumoftrials 77.4 (16.8), 20-108| SLS Trials 1-5 Total Correct + SLS Delay Correct /

Accuracy-Weighted SYM

symall4corrartaccweighted|

31.7(6.2), 0-42.7

108 possible ®

Accuracy-Weighted Symbols Average Response
Time Correct Items (see supplemental materials for
computation details)

Secondary Variables
Stricker Learning Span
(SLS)

SLS Trial 1 Correct

SLS Trial 2 Correct

SLS Trial 3 Correct

SLS Trial 4 Correct

SLS Trial 5 Correct

SLS Max Learning Span

SLS Trials 1-5 Total Correct
SLS Delay Correct
SLS Percent Retention

Symbols Test (SYM)
SYM Total Correct

SYM Trial 1 seconds

slsrlcorr
slsr2corr
slsr3corr
slsrdcorr
slsr5corr
slsmaxspan

slstotcorr

slsdelaycorr
slsretention

symsumcorr

symrlsec

6.6 (1.3), 2-8
10.0 (2.2), 2-13
12.9 (3.0), 4-18
15.7 (4.2), 4-23
16.6 (4.0), 3-23
17.2 (3.8), 4-23

61.9 (12.9), 18-85

15.4 (4.3), 1-23
89.3 (14.3), 17-150

46.6 (2.0), 25-48

50.9 (18.9), 20-248

18

SLS Trial 1 Correct / 8

SLS Trial 2 Correct / 13 possible ©

SLS Trial 3 Correct / 18 possible ©

SLS Trial 4 Correct / 23 possible ©

SLS Trial 5 Correct / 23 possible ©

Maximum number of words recognized across any of
the 5 learning trials / 23 possible ©

SLS Trial 1 Correct + SLS Trial 2 Correct + SLS
Trial 3 Correct + SLS Trial 4 Correct + SLS Trial 5
Correct / 85 possible ¢

SLS Delay Correct / 23 possible ©

(SLS Delay Correct / SLS Max Learning Span) * 100

SYM Trial 1 Correct + SYM Trial 2 Correct + SYM
Trial 3 Correct + SYM Trial 4 Correct (12 items for
each trial, / 48 total) ¢

Seconds to complete Symbols Trial 1°¢
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SYM Trial 2 seconds
SYM Trial 3 seconds
SYM Trial 4 seconds
SYM Middle Trials Avg
Completion Time, sec

SYM Avg Trial Completion

Time, sec

SYM Avg Response Time
Correct Items, sec

symr2sec

symr3sec

symré4sec
symmiddle2secavg

symall4secavg

symall4corrartsec

42.2 (13.6), 20-138
39.9 (12.3), 17-112
38.9 (11.9), 18-99
41.7 (12.4), 20-116

43.0 (13.0), 20-141

3.4 (1.1), 1.5-11.5
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Seconds to complete Symbols Trial 2

Seconds to complete Symbols Trial 3 ¢

Seconds to complete Symbols Trial 4 ¢

Average seconds to complete a trial when averaged
across the “middle” 2 trials, excluding highest and
lowest performances ©

Seconds to complete each trial (SYM Trial 1 seconds
+ SYM Trial 2 seconds + SYM Trial 3 seconds +
SYM Trial 4 seconds) / 4 to generate the average
seconds to complete a trial ©

Symbols Average Response Time for Correct Items
only (correct items across all 4 Symbols trials)

# Abbreviated variable names are used in the Supplementary Online Material and any MTD raw data exports.
b Sometimes called MTD Raw Composite to clarify this is not a z-score or standard score composite. See supplemental materials for

full computation details.

¢ Actual number presented can vary per computer adaptive testing rules.
4 Note that this variable has a non-normal distribution with most individuals performing near ceiling. We chose to apply consistent
normative methods (T-score derivation) to simplify reporting and score types for users).

¢Score is inversed as part of the norming process, so a lower normative score indicates lower performance, but on the raw score scale
a higher score indicates slower performance.
Note. Table used with permission of Mayo Foundation for Medical Education and Research, all rights reserved.
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Table 2. Table for converting raw scores to unadjusted scaled scores for primary variables. ?

Unadj. SS

LN AEWN =D

20

MTD

Composite®

0-33
34
35-50
51-58
59-66
67-75
76-84
85-93
94-101
102-108
109-113
114-119
120-125
126-130
131-134
135-138
139-141
142-143
144-145
146
>146

SLS Sum of

Trials
0-20
21-24
25-30
31-35
36-41
42-48
49-56
57-64
65-70
71-76
77-81
82-86
87-91
92-96
97-100
101-103
104-105
106-107

107-108

Accuracy-
Weighted SYMP
0
0-0.6
0.7-6.7
6.8-11.2
11.3-15.4
15.5-21.8
21.9-25.4
25.5-28.2
28.3-30.4
30.5-32.3
32.4-33.8
33.9-35.2
35.3-36.4
36.5-37.5
37.6-38.3
38.4-38.8
38.9-39.6
39.7-40.4
40.5-41.3
41.4-42.1
>42.1
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# Scaled scores are provided as a step in determining the demographically-corrected T-scores using the equations in the Supplemental
Online Materials. These scaled scores are not adjusted for any demographic variables and represent performance at the mean age,

education and sex of the normative sample. See Table 1 for variable definitions.

® Values presented for MTD raw composite and Accuracy-Weighted SYM are for visual reference only. Rounding is used to simplify

visual presentation in this table. Automated calculations provide greater precision.

Note. Table used with permission of Mayo Foundation of Medical Education and Research, all rights reserved.
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Table 3. Table for converting raw scores to unadjusted scaled scores for Stricker Learning Span (SLS) secondary variables. ?

Unadj.  SLS SLS SLS SLS SLS SLS Max SLS1-5 SLS SLS

SS Trial1 Trial2 Trial3 Trial4  Trial 5§ Span Total  Delay Retention
0 - 0-2 - - 0-3 0-4 0-18 0-1 <16

1 0-2 3 0-4 0-4 4 5 19-22 2 17-39
2 3 - - - 5 6 23-24 3 40-43
3 - 4 5 5 6 7 25-29 4-5 44-49
4 4 5 6 6-7 7-8 8-9 30-34 6 50-58
5 - 6 7 8 9 10 35-39 7-8 59-66
6 5 7 8-9 9-10 10-11 11-12 40-45 9-10 67-73
7 - 8 10 11-12 12-13 13-14 46-51 11 74-78
8 6 9 11 13 14 15 52-57 12-13 79-83
9 - - 12 14-15 15-16 16-17 58-61 14-15 84-88
10 7 10 13 16 17 18 62-65 16 89-93
11 - 11 14 17-18 18-19 19 66-69 17 94-95
12 - - 15 19 20 20 70-73 18-19 96-100
13 - 12 16 20 21 21 74-76 20 100-104
14 8 - 17 21 22 22 77-79 21 105-106
15 - 13 - 22 - - 80-81 22 107-112
16 - - 18 - 23 23 82-83 - 113-116
17 - - - 23 - - 84 23 117-123
18 - - - - - - - - 124-127
19 - - - - - - 85 - 128-133
20 - - - - - - - - >133

2 Scaled scores are provided as a step in determining the demographically-corrected T-scores using the equations in the Supplemental
Online Materials. These scaled scores are not adjusted for any demographic variables and represent performance at the mean age,
education and sex of the normative sample. See Table 1 for variable definitions.

Note. Table used with permission of Mayo Foundation of Medical Education and Research, all rights reserved.
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Table 4. Table for converting raw scores to unadjusted scaled scores for Symbols Test (SYM) secondary variables. ?

Unadj. SYM Total SYM Trial SYM Trial SYM Trial SYM Trial SYM Middle2 SYM AIl4 SYM Avg RT

SS Correct 1 2 3 4 Avg Sec Avg Sec Corr Items
0 0-31 >228.6 >126.4 >106.8 >95.2 >115.4 >121.2 >9.9
1 32-34 178.4-228.6 124.7-126.4 104.7-106.8  93.1-95.2 104.0-115.4 113.4-121.2 9.0-9.9
2 35-36 123.3-178.3  99.5-124.6  89.3-104.6 88.9-93.0 91.1-103.9 98.3-113.3 8.0-8.9
3 37-41 102.6-123.2  83.4-99.4 80.0-89.2 76.6-88.8 87.8-91.0 83.7-98.2 6.8-7.9
4 42 89.6-102.5 71.0-83.3 67.5-79.9 66.5-76.5 69.9-81.7 70.8-83.7 5.7-6.7
5 43-44 79.6-89.5 63.0-70.9 59.6-67.4 57.7-66.4 60.4-69.8 62.2-70.7 5.0-5.6
6 45 68.7-79.5 55.7-62.9 53.3-59.5 51.2-57.6 55.4-60.3 56.8-62.1 4.5-4.9
7 - 62.0-68.6 50.6-55.6 47.2-53.2 46.3-51.1 49.2-55.3 51.0-56.7 4.0-4.4
8 46 55.0-61.9 45.4-50.5 42.7-47.1 41.6-46.2 44.9-49.1 46.1-50.9 3.6-3.9
9 - 49.6-54.9 41.4-45.3 39.3-42.6 38.2-41.5 41.2-44.8 42.5-46.0 3.3-35
10 47 44.5-49.5 37.8-41.3 35.6-39.2 34.9-38.1 37.6-41.1 38.9-42.4 3.0-3.2
11 - 40.8-44.4 34.7-37.7 33.0-35.5 32.0-34.8 34.4-37.5 35.5-38.8 2.7-2.9
12 - 36.9-40.7 31.9-34.6 30.5-32.9 29.8-31.9 32.0-34.3 32.9-35.4 2.5-2.6
13 48 34.2-36.8 29.5-31.8 28.6-30.4 27.8-29.7 30.0-31.9 30.6-32.8 2.3-24
14 - 31.6-34.1 27.6-29.5 26.6-28.5 26.1-27.7 28.2-29.9 29.2-30.5 2.2
15 - 29.6-31.5 25.6-27.5 24.7-26.5 24.8-26.0 26.6-28.1 27.2-29.1 2.1
16 - 27.9-29.5 23.9-25.5 22.9-24.6 22.6-24.7 24.6-26.5 25.3-27.1 1.9-2.0
17 - 24.2-27.8 22.2-23.8 20.9-22.8 20.1-22.5 21.9-24.5 22.3-25.2 1.7-1.8
18 - 22.0-24.1 20.2-22.1 19.3-20.8 19.0-20.0 21.1-21.8 21.2-22.2 1.5-1.6
19 - 20.0-21.9 20.1 17.0-19.2 18.0-18.9 19.9-21.0 20.2-21.1 1.4
20 - <20.0 <20.1 <17.0 <18.0 <19.9 <20.2 <1.4

2 Scaled scores are provided as a step in determining the demographically-corrected T-scores using the equations in the Supplemental
Online Materials. These scaled scores are not adjusted for any demographic variables and represent performance at the mean age,
education and sex of the normative sample. See Table 1 for variable definitions.

Note. Table used with permission of Mayo Foundation of Medical Education and Research, all rights reserved.
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Table 5. Demographic and other characteristics of the normative sample and the independent validation samples; mean (SD) or count

(percent).
Normative Sample Independent Validation Samples
Conc CU Conc CU Disc CU MCI DEM
Characteristic N=1240 N=167 N=149 N=64 N=14 p-value

Age at MTD, years 69.8 (11.7) 67.2 (13.5) 75.3 (11.1) 78.3 (9.8) 75.6(8.4)  <0.001f
Age <0.001 *

32-39 18 (1.5%) 5(3.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

40-49 54 (4.4%) 16 (9.6%) 4 (2.7%) 0 (0.0%) 0 (0.0%)

50-59 161 (13.0%) 26 (15.6%) 12 (8.1%) 4 (6.3%) 0 (0.0%)

60-69 375 (30.2%) 41 (24.6%) 32 (21.5%) 10 (15.6%) 6 (42.9%)

70-79 385 (31.0%) 42 (25.1%) 43 (28.9%) 19 (29.7%) 2 (14.3%)

80-89 218 (17.6%) 35 (21.0%) 48 (32.2%) 26 (40.6%) 6 (42.9%)

90+ 29 (2.3%) 2 (1.2%) 10 (6.7%) 5(7.8%) 0 (0.0%)
Male sex 601 (48.5%) 77 (46.1%) 82 (55.0%) 36 (56.3%) 7 (50.0%) 0.38 *
Education, years 15.8 (2.3) 15.6 (2.2) 14.4 (2.4) 14.3 (2.5) 16.1 (2.7)  <0.001F
Education <0.001 *

<=12 140 (11.3%) 20 (12.0%) 43 (28.9%) 23 (35.9%) 2 (14.3%)

13-15 318 (25.6%) 45 (26.9%) 51 (34.2%) 18 (28.1%) 4 (28.6%)

16 373 (30.1%) 44 (26.3%) 24 (16.1%) 12 (18.8%) 2 (14.3%)

17+ 409 (33.0%) 58 (34.7%) 31 (20.8%) 11 (17.2%) 6 (42.9%)
Race 0.571%

White 1190 (96.0%) 157 (94.0%) 144 (96.6%) 62 (96.9%) 13 (92.9%)

American Indian 1 (0.1%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Asian 15 (1.2%) 2 (1.2%) 1 (0.7%) 2 (3.1%) 0 (0.0%)

Black 20 (1.6%) 7 (4.2%) 0 (0.0%) 0 (0.0%) 1 (7.1%)
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Independent Validation Samples

Conc CU Conc CU Disc CU MCI DEM
Characteristic N=1240 N=167 N=149 N=64 N=14 p-value
Pacific Islander/Hawaiian 2 (0.2%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
More than one race 9 (0.7%) 0 (0.0%) 3 (2.0%) 0 (0.0%) 0 (0.0%)
Unknown 3(0.2%) 1 (0.6%) 1 (0.7%) 0 (0.0%) 0 (0.0%)

Ethnicity 0.88 %
Hispanic 7 (0.6%) 0 (0.0%) 2 (1.3%) 0 (0.0%) 0 (0.0%)
Non-Hispanic 1228 (99.0%) 166 (99.4%) 146 (98.0%) 64 (100.0%) 14 (100.0%)

Unknown 5(0.4%) 1 (0.6%) 1 (0.7%) 0 (0.0%) 0 (0.0%)

In clinic MTD (N, %) 6 (0.5%) 3 (1.8%) 5(3.4%) 1 (1.6%) 0 (0.0%) 0.007 *

MTD Potential Interference * 197 (15.9%) 28 (16.8%) 34 (22.8%) 10 (15.6%) 1 (7.1%) 023+

MTD device type reported 0.15%
Desktop computer or laptop 795 (64.1%) 103 (61.7%) 81 (54.4%) 36 (56.3%) 6 (42.9%)
Smartphone 264 (21.3%) 37 (22.2%) 32 (21.5%) 14 (21.9%) 4 (28.6%)

Tablet 178 (14.4%) 26 (15.6%) 35 (23.5%) 13 (20.3%) 4 (28.6%)
Other / not sure 3(0.2%) 1 (0.6%) 1 (0.7%) 1 (1.6%) 0 (0.0%)

MTD response input source 0.45*

reported
Mouse 660 (53.2%) 85 (50.9%) 65 (43.6%) 32 (50.0%) 7 (50.0%)
Touch ® 548 (44.2%) 78 (46.7%) 76 (51.0%) 30 (46.9%) 7 (50.0%)
Stylus 22 (1.8%) 4 (2.4%) 7 (4.7%) 1 (1.6%) 0 (0.0%)
Other 10 (0.8%) 0 (0.0%) 1 (0.7%) 1 (1.6%) 0 (0.0%)

STMS, n=1585 36.18 (1.61) 35.88 (1.61) 32.79 (2.64) 30.14 (2.98) 25.58 (6.05) <0.001 T

CDR Global Score <0.001 *
Missing 3
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Conc CU Conc CU Disc CU MCI DEM
Characteristic N=1240 N=167 N=149 N=64 N=14 p-value
0 1240 (100.0%) 167 (100.0%) 119 (79.9%) 29 (47.5%) 1 (7.1%)
0.5 0 (0.0%) 0 (0.0%) 30 (20.1%) 32 (52.5%) 10 (71.4%)
1 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 2 (14.3%)
2 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 1 (7.1%)
Imaging Biomarkers
Amyloid PiB PET (A), n=696 1.52 (0.33) 1.43 (0.19) 1.62 (0.43) 1.80 (0.57) 2.47(0.63) <0.001f
A+ (PIB > 1.48), n=696 178 (31.6%) 6 (23.1%) 27 (43.5%) 17 (48.6%) 8(88.9%)  <0.001*%
Tau PET (T), n=690 1.20 (0.09) 1.18 (0.09) 1.21(0.13) 1.30 (0.22) 1.87 (0.50)  <0.001 f
T+ (Tau > 1.29), n=690 78 (13.9%) 4 (16.0%) 14 (23.0%) 15 (42.9%) 7(77.8%)  <0.001*%
Hippocampal vol. z (N), n=688 -0.27 (0.60) -0.15 (0.62) -0.40 (0.66) -1.24(1.09)  -1.52(0.55) <0.001 T
N+ (HV <-0.76), n=688 107 (19.1%) 4 (16.0%) 15 (25.9%) 22 (62.9%) 8(88.9%)  <0.001+*

" ANOVA * Chi-square
4 See Table S2 for more details

® Touchpad/trackpad was added as an option part way through data collection on 3/20/2022. Within the normative sample,

touchpad/trackpad was endorsed by n=76 (6.1%), which is the minimum number of individuals using touchpad/trackpad in the
normative sample since prior to this implementation date participants may have selected touch or other as an alternative. Touch,
touchpad/trackpad, other/not sure and stylus combined into one “touch” category for regression models vs. mouse as reference

category.

Note. P-values compare all 5 columns. A+ = amyloid PET positive. CDR = Clinical Dementia Rating®. Concordant CU = for MCSA

participants, the study coordinator, examining physician, and neuropsychologist each independently assigned a Cognitively

Unimpaired (CU) diagnosis; a consensus diagnosis of CU was used for ADRC participants. DEM = Dementia. Discordant CU = the
participant had a consensus diagnosis of CU but at least one rater did not assign a CU diagnosis in their independent determination
(MCSA participants only). HV = hippocampal volume (z-score). MCI = Mild Cognitive Impairment. MTD = Mayo Test Drive. STMS
= Short Test of Mental Status. N+ = neurodegeneration positive based on hippocampal volume. T+ = tau PET positive. Table used

with permission of Mayo Foundation for Medical Education and Research, all rights reserved.
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Table 6. Adjusted r-squared * where the unadjusted scaled score is the outcome and the predictors included in each separate linear
regression model is listed. The difference represents the incremental percentage variance explained (adjusted R**100) relative to the
preceding model (first four rows) or relative to the base model (Age + Age2 + Sex + Educ).

Mayo Test Drive (MTD) Stricker Learning Span Accuracy-Weighted
Composite (SLS) Sum of Trials Symbols (SYMaw)
Model Predictors Adj. R? difference | Adj. R? difference | Adj.R?  difference

Age 14.86% - 6.78% - 31.13% -
Age + Age2 16.29% 1.42%* 7.80% 1.02%* 31.59% 0.46%
Age + Age2 + Sex 20.62% 4.33%* 12.29% 4.49%* 32.35% 0.76%
Age + Age2 + Sex + Educ (Base) 22.66% 2.04%* 13.78% 1.49%* 33.65% 1.29%*
Base + Device Type 23.08% 0.42% 14.09% 0.31% 33.83% 0.19%
Base + Touch 22.69% 0.03% 13.87% 0.08% 33.86% 0.21%
Base + Interference 23.28% 0.62% 14.18% 0.39% 34.39% 0.75%
Base + Age3 22.73% 0.07% 14.03% 0.25% 33.59% -0.05%
Base + Age2*sex 22.74% 0.08% 13.90% 0.11% 33.68% 0.03%
Base + Age3 + Age3*sex 22.89% 0.23% 14.36% 0.58% 33.58% -0.07%
Base + age*sex 22.61% -0.05% 13.77% -0.01% 33.60% -0.05%
Base + age*educ 22.67% 0.01% 13.74% -0.04% 33.65% 0.00%
Base + educ*sex 22.63% -0.02% 13.79% 0.00% 33.61% -0.04%
Base + age*sex*educ 22.96% 0.31% 14.08% 0.30% 33.58% -0.06%
Base + educ?2 22.60% -0.06% 13.73% -0.06% 33.59% -0.05%
Base + educ2 + educ3 22.57% -0.09% 13.70% -0.09% 33.54% -0.11%

# Adjusted r-square value multiplied by 100 is the percentage of variance explained by the predictor. The adjusted r-square provides a
more conservative r-square value that adjusts for the number of terms in the model.
*1% variance improvement in adjusted R* over and above the preceding model (first 4 rows) or the base model for remaining rows.
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Note. Stricker Learning Span (SLS) Sum of Trials = SLS 1-5 total + delay; Accuracy-Weighted Symbols (SYMaw), = accuracy-
weighted and inverted Symbols correct items response time (lower score is worse performance); Mayo Test Drive Composite = SLS

sum of trials + Accuracy-Weighted Symbols; lower score is worse performance). Table used with permission of Mayo Foundation for
Medical Education and Research, all rights reserved.

27


https://doi.org/10.1101/2024.09.14.24313641
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.09.14.24313641; this version posted September 16, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

MNS Mayo Test Drive remote norms 28

Figure 1. Flow chart showing participant selection for normative data.

Particpants with baseline MTD data, N=1501

Excluded due to diagnosis,
N=203 not concordant CU
in MCSA ornot CU in
ADRC

Excluded due to COR
Global =0, N=28

Excluded due to missing
# MTD composite data,
N=15

Excluded due to validity
concern, N=4

Excluded due to prior
# MTD exposure in amother
study, N=10

Excluded due to
demaographic data being
unavailable, N=1

¥

Conventional Normative Sample, N=1240

!'Validity concern defined as no responses in the 4" word position across all 5 SLS learning
trials, suggesting a potential screen size issue.
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Figure 2. MTD associations with age, sex and education.
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Note. Figure used with permission of Mayo Foundation for Medical Education and Research, all
rights reserved.
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Figure 3. Regression models showing the effect of age, age squared, sex (women, solid lines;
men, dashed lines), and years of education (green, 20 years; blue, 16 years; red, 12 years) on raw

score performance for the normative sample.
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Foundation for Medical Education and Research, all rights reserved.
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Figure 4. Raw MTD scores (orange, right side of Y-axis) and demographically corrected (for
age/age?/sex/education) MTD T-scores (green, left side of Y-axis) demonstrating that fully-
corrected MNS T-scores correct for age effects.
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rights reserved.
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Figure 5. Fully-adjusted T-score statistics for normative sample by categorized age, sex, or
education show that mean and SD values for the T-score statistics are within expected ranges
(mean 50 +/-3; SD 10 +/- .6).
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Note. Data for additional normative scores and secondary variables are available in Table S5.
Figure used with permission of Mayo Foundation for Medical Education and Research, all rights
reserved.
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Figure 6. Proportion of individuals in the independent validation samples with normative scores
< -1 standard deviation (SD; T < 40; unadj. SS <7).
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Note. Results are significantly different than expected when 95% confidence intervals (Cls) do
not include the expected 14.7% base rate value (see Stricker et al., 2021). Age, sex, and
education-adjusted T-scores were hypothesized to have Cls that include the expected 14.7% base
rate for the concordant CU participants, and to have Cls that did not include the 14.7% base rate
for MCI and dementia participants. Normative scores that adjust for age & sex and only age are
presented for reference. Unadjusted scaled scores are also presented for reference; these scaled
scores place the raw score on a normal distribution but do not adjust for any demographic
variables and therefore represent the mean performance of the full normative sample (mean age
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=70, 49% male, mean education = 16, N=1240). Applying an unadjusted SS <7 cut-off is
equivalent to applying the following raw score cut-offs: MTD Composite < 85, SLS Sum of
Trials <57, Accuracy-Weighted SYM < 25.5. Note. Concordant CU indicates that participants in
the MCSA received an independent diagnosis of CU from the study physician, study coordinator
who administered the CDR, and neuropsychologist; Discordant CU individuals at least one rater
did not assign a CU diagnosis in their independent determination, but the consensus diagnosis
was CU. ADRC participants had a consensus conference diagnosis of CU. MCI and dementia
represent consensus diagnoses. Mayo Test Drive variables reported here are primary MTD
variables. Additional secondary variables were also included in this normative study but are not
reported here. Figure used with permission of Mayo Foundation for Medical Education and
Research, all rights reserved.
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