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Abstract

Objective: Anincreasing focus in Alzheimer’s disease and aging research is to identify transitional cognitive decline. One means
of indexing change over time in serial cognitive evaluations is to calculate standardized regression-based (SRB) change indices.
This paper includes the development and preliminary validation of SRB indices for the Uniform Data Set 3.0 Neuropsychological
Battery, as well as base rate data to aid in their interpretation.

Method: The sample included 1,341 cognitively intact older adults with serial assessments over 0.5-2 years in the National
Alzheimer’s Coordinating Center Database. SRB change scores were calculated in half of the sample and then validated in the
other half of the sample. Base rates of SRB decline were evaluated at z-score cut-points, corresponding to two-tailed p-values
of .20 (z = —1.282), .10 (z = —1.645), and .05 (z = —1.96). We examined convergent associations of SRB indices for each
cognitive measure with each other as well as concurrent associations of SRB indices with clinical dementia rating sum of box
scores (CDR-SB).

Results: SRB equations were able to significantly predict the selected cognitive variables. The base rate of at least one significant
SRB decline across the entire battery ranged from 26.70% to 58.10%. SRB indices for cognitive measures demonstrated
theoretically expected significant positive associations with each other. Additionally, CDR-SB impairment was associated with
an increasing number of significantly declined test scores.

Conclusions: This paper provides preliminary validation of SRB indices in a large sample, and we present a user-friendly tool
for calculating SRB values.

Keywords.' Standardized regression-based change; Uniform data set; Norms; Transitional cognitive decline; Assessment

Introduction
The Importance of Assessing Cognitive Change in Serial Evaluations

As interest in capturing and changing the trajectory of cognitive declines with aging and associated neurodegenerative
disorders increases (Cummings, 2019; Cummings, Lee, Ritter, Sabbagh, & Zhong, 2019; Jack et al., 2018), the need for reliable
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methods of interpreting serial cognitive evaluations grows more critical. Indeed, the recent National Institute on Aging and
Alzheimer’s Association (NIA-AA) research criteria for Alzheimer’s disease (Jack et al., 2018) emphasize the importance
of capturing subtle cognitive changes preceding the development of diagnoses, such as mild cognitive impairment (MCI) or
dementia, via the presence of transitional cognitive decline on objective neuropsychological measures. As the neurodegenerative
research world shifts to accommodate this new paradigm, it is crucial for neuropsychologists to create robust tools to quantify
these subtle changes over serial evaluations.

It is common in clinical practice to use a simple visual inspection of serial test data to assess for the presence of cognitive
deterioration (Lezak, Howieson, & Loring, 2012). However, variability in repeated evaluations can occur due to test, patient,
and/or environmental factors, such that interpreting change over time is difficult (Duff, 2012; Hill, 2019). This fact necessitates
the development and dissemination of longitudinal normative data and statistical techniques appropriate for distinguishing
chance or expected changes from those suggestive of the presence of neurodegenerative disease (Brooks, Sherman, Iverson,
Slick, & Strauss, 2011; Brooks, Strauss, Sherman, Iverson, & Slick, 2009b; Heilbronner et al., 2010).

Standardized Regression-Based Approaches

One technique that can effectively identify change in objective cognitive measures is the Standardized Regression-Based
(SRB) approach. Complex SRB methods (hereafter simply referred to as SRB) index the probability of a given amount of change
in serial evaluations after adjusting for the influence of baseline scores, practice effects, test-retest reliability, and other selected
factors of relevance, such as patient demographic characteristics (Calamia, Markon, & Tranel, 2013; Duft, 2012; McSweeny,
Naugle, Chelune, & Liiders, 1993). In the SRB approach, the difference between observed follow-up scores and regression-
predicted scores is assessed and expressed in standardized format (e.g., as a z-score). In this way, changes over time can be
expressed in terms of standard deviation (SD) units or converted to percentile ranks. Additionally, different normative cut-points
can be assessed to delineate the presence of subtle versus more prominent declines in serial evaluations, which may prove
particularly helpful in identifying individuals experiencing subtle but concerning cognitive changes, despite not meeting criteria
for MCI or dementia. Regression-based methods have been shown to demonstrate superior clinical utility to other methods, such
as reliable change indices (Duff, Suhrie, Dalley, Anderson, & Hoffman, 2019; Hill, 2019; Hinton-Bayre, 2016). Furthermore,
they have the advantage of being able to account for relevant demographic variables, unlike reliable change indices (Hill, 2019).

SRB Change Versus Clinically Meaningful Change

The SRB approach is used to assess whether changes over time are statistically likely and expected versus statistically unlikely
(Duft, 2012). However, statistical and clinically important changes are not necessarily the same thing. As noted by prior authors,
“Significant change does not necessarily equate to clinically significant change. ... Therefore, use of base rate data or effect
size to clarify how common/uncommon the degree of change is may be useful.” (Hill, 2019, p. 54)

Brooks, Holdnack, and Iverson (2016) demonstrated that statistically unlikely changes are actually quite common when a
battery of neuropsychological tests is administered. Approximately one third of healthy older adults in their sample demonstrated
at least one statistically unlikely reduction in scores when reassessed at 3—27 weeks. This finding suggests that “abnormal”
changes in cognitive performance over time are actually common in normally aging populations. Thus, understanding the base
rates of change on measures over time is another critical piece to understand how SRB indices derived from serial cognitive
assessments may reflect transitional cognitive decline in older adults.

Change in the Uniform Data Set 3.0 Neuropsychological Battery

As psychometric properties that define change are contingent on the instruments employed and the situations in which these
instruments are utilized (Duff, 2012; Hill, 2019), the Uniform Data Set 3.0 Neuropsychological Battery (UDS3NB) provides an
excellent means for exploring the questions raised above. The UDS3NB consists of a set of consensus measures administered
to patients at Alzheimer’s Disease Research Centers across the country (Besser et al., 2018; Weintraub et al., 2018). While
developed as a research tool, the UDS3NB has a growing body of evidence to support its use in clinical settings with aging
populations (Porto, Russo, & Allegri, 2018) as well as published normative data and interpretive tools (Devora, Beevers, Kiselica,
& Benge, 2019; Kiselica, Webber, & Benge, 2020a, 2020b; Kornak et al., 2019; Liew, 2019; Weintraub et al., 2018).

Previous studies calculated reliable change indices and minimally clinically important differences for the UDS 2.0, a past
version of the battery (Andrews et al., 2019; Gavett, Ashendorf, & Gurnani, 2015). However, researchers have yet to examine
change in the UDS3NB, which represents a largely unique battery of tests (Besser et al., 2018; Kiselica et al., 2020b; Weintraub
et al., 2018). Major changes to the battery include: the addition of new measures, the Benson Figure Copy and Recall tests
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Table 1. Demographic characteristics of the subsamples

Development sample Validation sample tor x%,p
Age (M, SD) 69.98, 7.69 70.28,7.82 —0.71, .479
Education (M, SD) 16.50,2.43 16.41,2.48 0.60, .547
% female 64.60% 63.00% 0.36, .551
% white 76.60% 81.00% 3.79, .052

(Possin, Laluz, Alcantar, Miller, & Kramer, 2011), and a phonemic fluency measure; the removal of one test (a digit-symbol
coding task); and the replacement of two previous tests with royalty free versions—the Boston Naming Test (Goodglass, Kaplan,
& Barresi, 2000) was replaced by the Multilingual Naming Test (MINT; Ivanova, Salmon, & Gollan, 2013) and the Wechsler
Digit Span subtest was replaced with a comparable Number Span Test. Given these revisions, and the central role of the
UDS3NB to large-scale aging and cognition projects, understanding and establishing means of interpreting change over time
with this battery is of critical importance. Furthermore, these methods of assessing change should be accessible to clinicians
and researchers in a user-friendly format that allows for accurate, straightforward interpretation of serial test data (Gavett et al.,
2015). Thus, SRB methods need to be applied to the UDS3NB to validate these change scores as measures of transitional
cognitive decline, and tools need to be developed to easily calculate change metrics with individual patients.

Current Study

In summary, the current study had four main goals: derive 6-month to 2-year SRB change indices for the UDS3NB in a sample
classified as cognitively normal across baseline and first follow-up observations; assess the base rates of significant change at
different SD cut-points; complete preliminary convergent and concurrent validity analyses of the SRB indices; and develop a
user-friendly Excel calculator for deriving SRB change indices for individual patients.

Methods
Sample

We requested all available UDS data on June 11, 2019 collected at 39 Alzheimer’s Disease Research Centers. The process
of selecting cases for final analyses is summarized in Fig. 1. Because a number of the measures included in the UDS3NB
require proficiency in English, the sample was limited to primary language English speakers. Next, because we were interested
in calculating SRB indices using the UDS3NB, the sample was restricted to individuals who had received the UDS 3.0 at
their initial visit. We then excluded individuals with diagnosed cognitive impairment at their baseline or time 2 follow-up visit.
Determination of cognitive impairment was based on the Clinical Dementia Rating® (CDR) Dementia Staging Instrument'
(Morris, 1993), a reliable and valid clinical interview for staging of dementia (Fillenbaum, Peterson, & Morris, 1996; Morris,
1997). Individuals with CDR > 0 at time 1 (baseline) or time 2 (1-year follow-up) were excluded from the study. Individuals
with known amyloid biomarker status were also removed to reflect the current state of affairs in most clinics. Next, because
we were primarily interested in measuring performance among older adults, individuals below age 50 were excluded from the
analyses. Finally, due to the fact that follow-up times could vary, we limited the sample to individuals with follow-up data from
6 months to 2 years from their baseline evaluations (Mgays = 423.32, SD = 84.18). This step enabled the inclusion of a wide
range of follow-up periods that might be used in research and clinical practice while limiting the influence of outliers. This final
sample included participants with baseline data collected from March 2015 through July 2018. The sample was divided into
two randomly selected subsets to form separate groups for development (n = 627) and validation (n = 714) of SRB indices.
Note that because a truly random sampling method was used, sample sizes could be unequal. Demographic information for each
subsample is presented in Table 1. There were no significant differences in the demographic makeup of the subsamples.

Measures
Cognitive tests. The cognitive tests in the UDS3NB have been described in detail in previous publications (Besser et al., 2018;

Weintraub et al., 2018). We used a subset of these measures for our analyses. These included: the Montreal Cognitive Assessment

1 Note that staging based on the UDS consensus diagnosis was not used to avoid criterion contamination, as rating clinicians utilize test data to make diagnostic determinations in the UDS.
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Assessed for eligibility
(n=41,459)

Excluded (n = 40,118)

e Non-English speakers (n =3,513)

e Did not receive UDS 3.0 at initial visit (n =
30,100)

e CDR > 0 at baseline or time 2 follow-up (7 =
6,165)

e With amyloid biomarkers (n = 139)

e Age<50(n=2389)

e Follow up data outside 6 months to 2 years
time frame (n = 112)

Y

Selected for analysis
(n=1341)

Fig. 1. Sample selection flow chart.

(MoCA), a brief screener for cognitive impairment (Nasreddine et al., 2005); tests of simple number sequencing and letter-
number sequencing, Trailmaking Test Parts A and B* (Partington & Leiter, 1949); the Craft Story (Craft et al., 1996), a test of
immediate and delayed recall of verbal story information (though both thematic and verbatim recall scores are indexed, verbatim
recall points were used in the current analyses); a measure of visuoconstruction and visual recall, the Benson Figure, (Possin
et al., 2011); semantic (animals and vegetables) and letter (F- and L-words) verbal fluency tasks; number span forward and
backward (total score used for the current study); and a confrontation naming measure, the Multilingual Naming Test (Gollan,
Weissberger, Runnqgvist, Montoya, & Cera, 2012; Ivanova et al., 2013). Descriptive statistics and test—retest correlations for each
cognitive test in the normative sample are summarized in Table 2.

Clinical dementia rating scale. In addition to a categorical global score, the CDR includes a continuous measure of impairment
based on clinician rating of patient functioning in six domains. They include memory, orientation, judgement and problem
solving, community affairs, home and hobbies, and personal care. Domains are scored according to the level of impairment,
including none (0), questionable (0.5), mild (1), moderate (2), and severe (3). Scores from each domain are summed to form an
overall impairment score (0—18 point scale), known as the sum of box scores (CDR-SB). This score has excellent evidence for
validity as an index of impairment in aging populations (Lynch et al., 2006; O’Bryant et al., 2008, 2010; Samtani, Raghavan,
Novak, Nandy, & Narayan, 2014), with interrater and internal consistency reliability estimates in the acceptable to excellent
range (Burke et al., 1988; Cedarbaum et al., 2013).

Analyses

SRB change index calculation. SRBs were calculated based on raw scores’ using a multivariate version of the method
outlined by McSweeny and colleagues (1993), with cases including missing data excluded list-wise (Hinton-Bayre, 2010).
Specifically, using the development sample, each time 2 neuropsychological test score was regressed onto its corresponding time
1 neuropsychological test score, as well as demographic factors (age, sex, education, and race [coded as white vs. nonwhite])
and time (days since the baseline evaluation to account for minor variations in follow-up length). All predictors were entered
as a block, conforming to previous publications with the UDS 3.0 that included demographic corrections (Devora et al., 2019;
Kiselica et al., 2020a, 2020b; Weintraub et al., 2018). These results were then used to calculate a regression-based predicted
score for the time 2 cognitive test. Finally, the SRB change index was calculated by subtracting the predicted time 2 test score,
Té, from the observed time 2 test score, 7>, and then dividing this value by the standard error of the estimate (SEE), using the

2 These measures were reverse coded for SRB analyses, such that higher scores were indicative of improved scores, in order to conform with scaling of other measures.

3 Standardized scores can be used and will often yield equivalent findings to raw scores; however, some research suggests that raw score models better capture changes in memory over time than
do standardized scores (Durant, Duff, & Miller, 2019). Using raw scores is also mathematically simpler, as it eliminates the need to convert to standard scores. Consequently, raw scores were
used for all analyses.
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Table 2. Mean change and test—retest correlations for raw cognitive variables across the baseline and first follow-up evaluations in the development subsample

Validation sample Time 1 mean (SD) Time 2 mean (SD) t, p value drm
MoCA 26.38 (2.56) 26.53 (2.63) 1.62, .105 0.06
Benson copy 15.58 (1.40) 15.49 (1.32) —1.28, .202 —-0.07
Benson recall 11.46 (2.92) 11.66 (2.92) 1.83,.068 0.07
Animal naming 21.79 (5.53) 21.43 (5.61) —1.97,.049 —0.06
Vegetable naming 15.15(3.91) 15.12 (3.99) —0.19, .851 —0.01
Trailmaking part A 31.01 (11.57) 30.39 (11.47) —1.49, .136 —0.05
Trailmaking part B 78.77 (37.18) 81.06 (42.79) 1.59,.114 0.06
Letter fluency 28.78 (8.12) 29.68 (8.46) 3.75, <.001 0.11

Craft story IR 21.92 (6.27) 22.50 (6.24) 2.35,.019 0.09

Craft story DR 19.15 (6.29) 19.74 (6.55) 2.40,.017 0.09
Numbers forward 8.46 (2.39) 8.39 (2.38) —0.91, .365 —0.03
Numbers backward 7.26 (2.17) 7.28 (2.24) 0.18, .854 0.01
MINT 30.23 (1.87) 30.39 (1.94) 3.21,.001 0.08
Cognitive variable Overall 1, p (n = 627) 6-12 months 1, p (n = 150) 13-18 months 1, p (n = 430) 19-24 months r, p (n = 47)
MoCA .63, <.001 71, <.001 .62, <.001 .62, <.001
Benson copy 31, <.001 31, <.001 .34, <.001 .04, .803
Benson recall .58, <.001 .58, <.001 .58, <.001 .58, <.001
Animal naming .66, <.001 .65, <.001 .69, <.001 .72, <.001
Vegetable naming .57, <.001 48, <.001 .57, <.001 73, <.001
Trailmaking part A .61, <.001 74, <.001 .57, <.001 .62, <.001
Trailmaking part B .61, <.001 .64, <.001 .60, <.001 .81, <.001
Letter fluency 75, <.001 71, <.001 78, <.001 .57, <.001
Craft story IR .55, <.001 44, <.001 .58, <.001 .52, <.001
Craft story DR .56, <.001 .39, <.001 .62, <.001 .56, <.001
Numbers forward .67, <.001 .66, <.001 .68, <.001 .57, <.001
Numbers backward .60, <.001 .58, <.001 .59, <.001 .69, <.001
MINT 78, <.001 .83, <.001 .76, <.001 .79, <.001

Notes: drm = Cohen’s d for repeated measures; MoCA = Montreal Cognitive Assessment total score; IR = immediate recall; DR = delayed recall; numbers
forward = number span forward; numbers backward = number span backward; MINT = multilingual naming test.

following formula:SRB Index = (T, — T3)/SEE. This process yields a regression-based z-score for change that accounts for
test—retest reliability, practice effects, regression to the mean, measurement error, and demographic effects.

Of note, an alternative method of creating SRB change scores is available, which differs from the McSweeny and colleagues
(1993) approach in how the standard error term is calculated (Crawford & Howell, 1998). The McSweeny approach was
chosen for two reasons. First, it is more widely used in neuropsychology and may be more easily understood by practicing
neuropsychologists (Hammers & Duff, 2019; Hinton-Bayre, 2010). Second, it is less computationally intensive (Crawford &
Howell, 1998; Hammers & Duff, 2019), which was important for our goal of creating an easy-to-use calculator for deriving SRB
indices. Importantly, the results from these two approaches have been found to be closely comparable, particularly with large,
heterogeneous samples, like the one used in the current study (Crawford & Howell, 1998; Hammers & Duff, 2019; Hinton-Bayre,
2010).

Base rates of change at different cut-points. SRB formulas derived from the development sample were then applied to create
SRB indices in the validation sample. SRB indices are expressed as z-score values, such that different SD cut-points can be set
for assessing whether a change should be considered statistically unlikely. The most common cut-point used is +=1.645 SD. This
cut-point ensures that only 10% of scores will be identified as abnormal (i.e., in the bottom or top 5% of the normal distribution
for change) and is admittedly arbitrary (Duff, 2012; Hill, 2019). Consequently, we present base rates of objective decline not
only at the —1.645 cut-point but also at the —1.96 and —1.282 cut-offs (corresponding to 5% and 20% of scores being identified
as abnormal, respectively). Base rates of low scores are reported for each measure individually, as well when considering the
whole battery.

Preliminary SRB index validation. Convergent validity of SRB indices was assessed by examining correlations among
resultant z-scores from the respective cognitive variables. Small-to-moderate positive associations were expected between
methodologically and theoretically related variables (e.g., Trails A with Trails B; animal fluency with vegetable fluency). Second,
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we examined concurrent validity of each SRB index by assessing correlations between SRB indices and measure of functional
abilities at time 2 (CDR-SB). Given that the sample included presumably cognitively normal individuals, restriction in range
for functional measures was anticipated, such that only small negative associations between SRB indices and CDR-SB were
expected. We also examined the relationship between the number of significant test decreases and CDR-SB and hypothesized
that there would be small but significant positive associations. The alpha level was set at 0.05 and no corrections for multiple
tests were used, given the preliminary nature of the validation analyses. Due to the expectation that variables would not be
normally distributed, we report Kendall’s rank correlation coefficients for these analyses.

SRB tool development. SRB formulas from the development sample were transported to an Excel spreadsheet. The sheet was
setup to allow an individual’s raw scores to be entered and their SRB index to be automatically calculated. SRB index values
were separately expressed in terms of percentile ranks and categorical cut-offs for statistically unlikely change (see Results
section for details on the chosen cut-offs).

Results
Descriptive Statistics

Table 2 presents descriptive statistics for cognitive variables in the normative sample across time 1 and time 2. There were
significant mean level increases in test scores from time 1 to time 2 on letter fluency, the Craft Story, and the MINT. There was
a significant mean level decrease for animal fluency score from time 1 to time 2. Remaining mean level test score differences
across time was nonsignificant. Effect sizes for significant tests were in the negligible to very small range.

Overall, test—retest correlations ranged from .31 (Benson Figure Copy) to .78 (MINT). As expected, correlations tended to be
similar when examined at adjacent measurement points (6—12, 12—18, and 19-24 month follow-up periods). The exception was
the Benson Copy, for which there was a nonsignificant relationship in scores across assessment points in the group reassessed
at 19-24 months.

Regression Results in the Development Subsample

Results of the regression analyses predicting time 2 cognitive test scores from time 1 test scores, demographic information,
and time elapsed between evaluations are presented in Table 3. Additional descriptive information on observed, predicted, and
SRB z-scores is available in Supplementary Table 1. R* values ranged from moderate to very large (.14—.62). Baseline test scores
were strong and consistent positive predictors of time 2 test scores. In contrast, older age and lower education were consistently
associated with reduced scores at time 2. Effects of sex were mixed. Women performed better at time 2 on vegetable fluency,
whereas men had better scores on the Benson and number span tasks. Race was not a significant predictor of time 2 test scores.
Time elapsed tended not to be significantly related to time 2 test scores, though for Trailmaking Part B and the Benson Copy;
greater time between evaluations was associated with reduced test scores. Parameters from these regression analyses were used
to create formulas to calculate SRB change indices for each cognitive variable in the validation sample.

Base Rates of Change at Different Cut-Points in the Validation Subsample

In the validation subsample, we assessed base rates (i.e., percentage of individuals falling above/below a given cut-point) of
change on individual tests (see Fig. 2). As might be expected, base rates of significant decreases on single measures corresponded
fairly well with the cut-off chosen to define a significant change.

In addition to examining base rates of significant change for individual tests, we examined base rates of change across the
entire UDS3NB battery. That is, we calculated the likelihood of having one, two, or three or more significant changes in test
scores across the UDS3NB battery at the three score cut-offs: —1.645, —1.96, and —1.282. The results are presented graphically
in Fig. 2. As expected, the likelihood of a significant change differed as a function of the chosen cut-off: Stricter cut-offs lead to
a lower likelihood of having a score difference that qualified as statistically unlikely. Having at least one significant test score
change was fairly common (26.70%-58.10%), whereas having two or three test scores change significantly was increasingly
rare (1.20%—-11.10%).
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Table 3. Results of linear regressions in the development subsample

Intercept Age Sex Education Race Time Baseline score R’ SEE
Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient

MoCA 10.66™** —0.02 0.18 0.12** —0.05 —0.002 0.60™** 2.01
Benson copy 13.67%* —0.03*** —0.25*% 0.01 0.01 —0.001* 0.29%** 1.24
Benson recall 9.00"** —0.05"** —0.45* 0.03 —-0.02 0.000 0.54%** 2.35
Animal fluency 4.89* —-0.03 0.08 0.24** —0.01 0.001 0.65"** 4.05
Vegetable fluency 6.02** —0.04* 0.87** 0.17** —0.06 —0.001 0.53*** 3.26
Trailmaking part A -0.66 —0.19*** —-0.52 0.24 —0.15 —0.004 0.57*** 9.02
Trailmaking part B -2.69 —0.57* -1.07 1.72% —0.39 —0.04* 33.40
Letter fluency 8.70** —0.04 —-0.25 0.25* —0.13 —0.003 5.59
Craft story IR ' —0.01 0.10 0.09 —0.04 0.001 5.24
Craft story DR —0.02 -0.07 0.01 -0.02 —0.001 5.44
Numbers forward —0.02 —0.36* 0.01 —0.02 —0.001 1.75
Numbers backward . —0.02 —0.47* 0.05 —0.03 0.001 . 1.79
MINT 7.50%* —0.02* —0.09 0.04* 0.02 —0.001 0.79** 627 1.20

Notes: Male coded as 1, female coded as 2. White coded as 1, non-white coded as 2. Time expressed as days between T1 (baseline) and T2 (first follow
up). SEE = standard error of the estimate, MoCA = Montreal Cognitive Assessment total score; IR = immediate recall; DR = delayed recall; numbers
forward = number span forward; numbers backward = number span backward; MINT = multilingual naming test.

*p < .05.
**p < .01.
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Fig. 2. Base rate of standardized regression-based decline at different cut-offs for each cognitive test in the validation subsample.

Convergent Validity of SRB Indices

We examined the convergent associations of SRB indices with each other in the validation subsample (see Table 4). As
a fairly global measure of cognitive abilities, MOCA SRB scores were significantly, albeit weakly, positively correlated with
most other SRB scores. Significant correlations between other SRB indices tended to reflect measure similarity. Indeed, positive
correlations were observed between figure copy and recall SRB scores (r = .23, p < .001), semantic fluency SRB scores (r = .21,
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Table 4. Convergent correlations of standardized regression-based (SRB) indices and concurrent correlations of SRB indices with CDR-SB

2 3 4 5 6 7 8 9 10 11 12 13 14
MoCA A1 1505 A3 5 157 4 g 18 13 11 A3 - 08
Benson copy 237 .07 .20 -.04 -.01 .05 .01 .02 .04 .02 .02 -.02
Benson recall g 13 .02 .04 .04 .06 .06 A 12 16% .06
Animal fluency 217 .03 .03 12 .03 .02 .02 A2 .06 -.06
Vegetable fluency .05 .10* .05 10" .07 .07 .09* 2% -.05
Trailmaking part A 25% 202 .03 .05 .07 .10* .06 - 11
Trailmaking part B .07 .09* .10* .05 .06 .08* -.05
Letter fluency .09* .08* .01 .07 .01 -.03
Craft story IR 5% .03 .08* .07 -.03
Craft story DR .01 .05 .10* -.05
Numbers forward 227 .03 -.04
Numbers backward .07 -.10"*
MINT .03

Time 2 CDR-SB

Notes: Correlations between SRB scores and CDR-SB scores reflect Kendall’s rank correlations. MoCA = Montreal Cognitive Assessment total score;
IR = immediate recall; DR = delayed recall; numbers forward = number span forward; numbers backward = number span backward; MINT = multilingual
naming test; CDR-SB = clinical dementia rating sum of box scores.

*p < .05.

**p < .01.

**p < .001.

p < .001), trailmaking SRB scores (r = .25, p < .001), number span SRB scores (r = .22, p < .001), and story memory and
recall SRB scores (r = .75, p < .001).

Concurrent Validity of SRB Indices

Trailmaking Part A and Number Span Backwards SRB scores were significantly negatively correlated with CDR-SB.
Additionally, having an increasing number of significant test decreases (i.e., a higher number of SRB change scores at or below
the cut-point) was associated with a higher CDR-SB score for all cut-offs (<—1.96: t = .10, p = .019; <—1.645: T = .10,
p = .044; and <—1.282: t = .10, p = .004).

SRB Tool Creation

These formulas were placed into an Excel sheet. This sheet enables an automatic calculation of SRB change indices upon
entry of demographic data and raw test scores. It also generates qualitative descriptors at different z-score cut-points for change,
including £1.645, +1.96, and 41.282. Specifically, these columns indicate whether an individual has experienced a significant
increase in performance, a significant decrease in performance, or no significant change. The calculator is available in the online
supplementary material.

Discussion
Change and Reliability of the UDS3NB

The psychometric properties of the UDS3NB frame, the discussion of an evaluation of change on this measure. To that end,
our current results revealed that mean level changes over test—retest intervals of 6—24 months in our sample of cognitively normal
older adults were typically nonsignificant or negligible in effect size, such that they are not likely to be practically meaningful.
Consistently, research has shown that in the absence of neuropathology, cognitive declines over time in older adults tend to be
slow (Harada, Love, & Triebel, 2013). These results further suggest relatively limited practice effects on UDS3NB measures,
which is inconsistent with findings from a meta-analysis by Calamia, Markon, and Tranel (2012). The authors reported that
practice effects are more common when shorter test—retest intervals are used and when the sample is younger. Thus, the use of
an older sample and longer follow-up periods may explain our lack of findings. Alternatively, it may be that practice effects do
not emerge for the UDS3NB over only two assessments. Indeed, such a pattern was reported by Gavett and colleagues (2015)
in their analyses of the UDS 2.0, wherein practice effects only emerged after the assessment was repeated more than once.
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Of note, despite a lack of mean-level practice effects, there were many participants who demonstrated improved scores from
time 1 to time 2 at the individual level. Consequently, research on factors that influence whether practice effects occur and the
clinical implications of the presence or absence of practice effects is important (see Duff et al., 2017).

In addition to mean-level change, we examined test—retest correlations for the UDS3NB measures. Unfortunately, test—
retest reliability for common neuropsychological measures is not always reported; when they are reported, these analyses
are often completed on small samples. Moreover, researchers often utilize follow-up periods that do not mimic the realities
of clinical practice, wherein testing is rarely repeated until at least 1 year has passed (Lezak et al., 2012). For example, the
Neuropsychological Assessment Battery (NAB) manual (White & Stern, 2003) tabulates uncorrected test—retest correlations
ranging from .08 to .84 among a sample of 37 older adults tested twice over a 6-month time frame. Thus, the current test-retest
analyses, which were completed on a sample of over 1,000 participants tested over a 6-month to 2-year timeframe, represent a
substantial improvement on those noted in previous work.

Against that backdrop, test—retest correlations in our sample ranged from .31 to .78. While test-retest correlations closer
to 1.0 are preferable, high stability is not necessarily expected with the measurement of psychological constructs, such as
cognitive performance, which are impacted by a host of factors over time and constrained by measure reliability properties
(Lezak et al., 2012; Miller & Lovler, 2018). That being said, the values obtained from the UDS3NB were roughly comparable
to those presented for published batteries, such as the NAB, as well as meta-analytic findings (Calamia et al., 2013), suggesting
that the UDS3NB demonstrates at least comparable reliability to other established sets of tests.

Of note, one test on the UDS3NB (the Benson Figure copy) demonstrated a fairly low test—retest correlation overall (.31),
especially in the group of individuals who were retested after 1.5 years (.04). Our findings are in line with previous work
demonstrating comparatively low stability for the Rey Complex Figure Copy (Calamia et al., 2013; Meyers & Meyers, 1995).
Additionally, the observation of very low reliability after long follow-up conforms with findings for the NAB figure copy test
(estimated at .08 in the manual). One potential explanation for the reduced stability of figure copy tasks is that they rely on
somewhat subjective scoring criteria. Additionally, these tests tend to be scored on scales with small ranges, such that they are
highly impacted by minor shifts in score (e.g., a three-point change on a 40-point scale is unlikely to dramatically impact rank
order, whereas a three-point change on a 17-point scale will influence rank order to a high degree).

Factors that Impacted Change in Cognitive Test Scores

Next, in the course of calculating SRB indices, we examined a number of predictors of time 2 test scores. Individuals with
higher levels of education and higher baseline test scores tended to have stronger time 2 cognitive scores. This research is
consistent with previous research, demonstrating superior scores over time for groups with higher premorbid abilities, and
supports the cognitive reserve hypothesis (Lenehan, Summers, Saunders, Summers, & Vickers, 2015; Rapport, Brines, Theisen,
& Axelrod, 1997; Stern, 2002). Additionally, as would be expected based on past studies (Salthouse, 2010), younger individuals
tended to perform better on cognitive testing at time 2. The influence of sex on time 2 test scores was variable. While the finding
of higher scores among men on visual tasks is consistent with prior research in older adults, though their improved number
span scores were surprising (Munro et al., 2012). Additionally, women performed better on vegetable fluency, replicating prior
cross-sectional findings with the UDS that likely reflect differences in socialization and social roles (Kiselica et al., 2020b).
Time between evaluations did not typically appear to influence test scores. Similarly, race was not a significant predictor of
time 2 test scores. This finding is consistent with recent research, which suggest that race influences baseline test score but not
change over time (Gross et al., 2015).

SRB Change Scores and Clinically Meaningful Change

Using the regression parameters, we created SRB change indices using a multivariate version of the method outline by
McSweeny and colleagues (1993). After calculating SRB change scores, we examined base rates of significant decreases to
help differentiate expected patterns of change from those possibly suggestive of pathological decline (Hill, 2019). SRB change
scores for individual tests tended to fall at the tails of the distribution at rates expected based on the cut-off chosen to define
a significant change. For instance, about 5% of individuals would be expected to have a significant decrease at the —1.645 or
below cut-point and observed values range from about 3% to 6% (see Fig. 1). These findings suggest that in contexts where
only a single test has been administered (an exceedingly rare case in actual practice), an SRB change at a given cut-off can be
interpreted as both statistically and clinically meaningful.

The same cannot be said when examining the patterns of change scores across the entire UDS3NB. Indeed, having at least
one test score decrease significantly was fairly common, occurring in 26.70%-58.10% of participants, depending on the chosen
SD criterion (see Fig. 2). Rates of having multiple test scores change were much lower. For instance, only 1.20%—11.10% of
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individuals had a significant test score decrease on three or more tests. These findings are consistent with those of Brooks and
colleagues (2016), who reported high rates (up to 39%) of one or more significant reliable change scores for the NAB memory
module and the Wechsler Memory Scale-IV among older adults. Taken together, existing research suggests that having one
statistically significant change score in a battery of tests is not clinically meaningful; rather, it is expected even for cognitively
intact individuals. In our sample, it was even fairly common (14.40% of participants) to have a significant decrease on two
tests at the typically used <—1.645 SD cut-point. Thus, it is likely that if one uses the <—1.645 SD criterion, he/she should
only consider a decline pattern involving three or more tests (occurring in 4.30% of participants in our normative sample) as
clinically meaningful on the UDS3NB.

There are several caveats to interpreting these findings. First, it must be acknowledged that the likelihood of obtaining
one or more significant test score changes depends on the number of tests administered (Brooks, Iverson, & White, 2009a;
Oltra-Cucarella, Sanchez-SanSegundo, Rubio-Aparicio, Arango-Lasprilla, & Ferrer-Cascales, 2019). Thus, our base rate
findings will be most applicable to interpreting the specific set of UDS3NB tests used in the current paper. Second, we examined
the base rates of change across the entire UDS3NB, and it is possible that more clinically meaningful patterns could emerge by
examining within-domain patterns of change or discrepancies in change between different tests (Devora et al., 2019; Jak et al.,
2016; Litvan et al., 2012). Similarly, some researchers have put forth methods to examine change across a whole battery (Woods
et al., 2006), and it may be informative to examine change in summary or factor scores over time (Kiselica et al., 2020b). Future
research should explore the base rates of change in other test batteries, as well as alternative methods of interpreting SRB change.
To support such efforts, an Excel calculator is provided in the online supplementary material that allows for easy derivation of
SRB change indices from raw UDS3NB data.

Preliminary Convergent and Concurrent Validity of SRB Indices

SRB indices calculated in the validation sample demonstrated positive correlations with similar measures. Results closely
mirrored relationships suggested by a recent factor analysis of the UDS3NB (Kiselica et al., 2020b); that is, associations between
SRB scores were observed between processing speed/executive measures (Trailmaking Parts A and B), attention (Number Span
Backwards and Forwards), visual (Benson Figure copy and recall), memory (Craft Story immediate and delayed recall), and
language measures (vegetable and animal fluency). Most relationships were small-to-moderate in effect size (as opposed to
moderate-to-large associations reported in cross-sectional studies), likely because change scores tend to be less reliable than
single time-point scores (Allison, 1990). However, the relationship between scores on the Craft Story test was quite strong
(r = .75), likely reflecting then dependency of the delayed recall score on how much is initially learned.

We also examined concurrent associations between SRB scores and CDR-SB, finding some modest but significant results.
Two factors played a role in limiting the size of effects. First, as anticipated, there was range restriction in CDR-SB scores.
Indeed, as a result of our selection criteria, CDR-SB scores ranged from O to 1 (687 individuals with a score of 0, 26 with a
score of 0.5, and one with a score of 1). Second, much of the predictive variance is partialed out of SRB scores; that is, baseline
cognitive performance, time, and demographic factors are taken into account in their calculation. Thus, the analyses are very
similar to a hierarchical regression and assess the extent to which change scores are associated with CDR-SB after controlling
for several important factors.

Results indicated that Trailmaking Part A and Number Span Backwards SRB scores were significantly negatively associated
with CDR-SB. This finding is unsurprising, given the primacy of processing speed and executive functions in mediating
functional skills (Bezdicek, Stepankova, Novakova, & Kopecek, 2016; Martyr & Clare, 2012; Royall & Palmer, 2014).
Additionally, having an increasing number of tests change significantly was associated with a higher CDR-SB, providing
preliminary support for the base rate approach to interpreting SRB data (Brooks et al., 2016). That is, findings suggest that
the number of significantly changed scores is a clinically important variable to consider, in addition to examining changes in
particular test scores over time. In particular, our analyses suggest that having three or more significant change scores across the
UDS3NB is rare in a normal sample and may be indicative of atypical performance (see Fig. 3). Of course, further longitudinal
research on the number of significant change scores that predicts conversion to clinical states is necessary to confirm this
assumption.

Implications of the Current Research

There is a growing body of literature that suggests that mild cognitive declines presage the accumulation of Alzheimer’s
disease biomarkers and the future development of MCI and dementia (Edmonds et al., 2015; Thomas et al., 2018, 2019). Our
findings mirror these results and extend them, as this is the first research to our knowledge that supports a cross-sectional
connection between transitional cognitive declines and extremely subtle changes in day-to-day functioning. Stated another way,
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Fig. 3. Base rates for the numbers of tests with significant standardized regression-based decreases in the validation subsample for the Uniform Data Set 3.0
Neuropsychological Battery at different cut-off points.

prior work has suggested that transitional cognitive declines predict future functional impairment, whereas our work indicates
that even very mild forms of cognitive decline are likely to have a very subtle impact on daily functioning at their onset.

This research also has implications for recently proposed Alzheimer’s disease research framework from NIA-AA (Jack et al.,
2018). Under this framework, there will be a biomarker-defined Alzheimer’s Continuum, including two preclinical disease stages
(i.e., prior to the development of MCI). Stage 1 will be defined by “no evidence of recent cognitive decline” (p. 55) from cognitive
test data, whereas stage 2 will be indicated by the presence “evidence of subtle decline on longitudinal cognitive testing” (p. 55).
The current SRB methodology may provide a means of indexing the presence/absence of such subtle declines on longitudinal
testing, though important questions remain. For instance, what is the optimal cut-point to define transitional cognitive decline?
And second, how many test scores need to decline to be considered meaningful? Future work can answer these questions by
exploring the sensitivity and specificity of different methods for identifying those who progress to MCI from those who do not.
Such research may fruitfully include machine learning techniques to identify optimal cut-offs and indicative patterns of change
over time (Lin et al., 2018). Alternatively, identifying a particular cut-point or number of significant change scores may be less
important than examining the slope/shape of cognitive test score change over time (Papp et al., 2019).

Limitations

There were some limitations of the current investigation worth noting. First, the use of the UDS sample comes with certain
shortcomings. Certainly, data in the UDS comes primarily from research participants at Alzheimer’s Disease Research Centers.
Thus, while results are likely highly applicable in research settings, they may be less applicable in other contexts (e.g., when
working in a purely clinical setting). Furthermore, the UDS sample consists of primarily college-educated, white individuals,
such that findings may not be applicable to individuals from other backgrounds. Efforts to diversify the UDS sample are ongoing,
such that future research will be able to replicate the current research using data from lower educated and more racially inclusive
groups. Second, the SRB indices calculated in the current analyses only covered a 6-month to 2-year time frame; therefore, test
changes over longer time intervals cannot be interpreted using our calculator. Future studies could calculate SRB change values
using longer follow-ups. Third, the validation analyses were conducted in a sample of putatively cognitively normal individuals,
limiting the ability to detect relationships of SRB indices with functional declines. Subsequent studies will validate the SRB
indices in clinical samples (e.g., those with MCI or dementia).

Conclusions

Examining changes in cognitive test scores over time is of increasing importance in the current landscape of aging and
Alzheimer’s disease research. SRB change indices can help distinguish expected cognitive changes from those indicative of the
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presence of pathology. This paper provides the preliminary validation of SRB indices, though more work is needed in clinical
populations. To support such research, we present a user-friendly tool for calculating SRB values as well as base rate data to aid
in their interpretation.

Supplementary material

Supplementary material is available at Archives of Clinical Neuropsychology online.
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