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Abstract

Repeated neuropsychological assessments are common with older adults, and the determination of clinically
significant change across time is an important issue. Regression-based prediction formulas have been utilized with
other patient and healthy control samples to predict follow-up test performance based on initial performance and
demographic variables. Comparisons between predicted and observed follow-up performances can assist clinicians
in determining the significance of change in the individual patient. In the current study, multiple regression-based
prediction equations for the 5 Indexes and Total Score of the RBANS were developed for a sample of 223
community dwelling older adults. These algorithms were then validated on a separate elderly sample (N 5 222).
Minimal differences were present between observed and predicted follow-up scores in the validation sample,
suggesting that the prediction formulas are clinically useful for practitioners who assess older adults. A case
example is presented that illustrates how the algorithms can be used clinically. (JINS, 2004,10, 828–834.)
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INTRODUCTION

Neuropsychologists are frequently asked to determine if
there have been changes in the cognitive abilities in older
patient populations. Typically, referral sources are con-
cerned with cognitive decline associated with a progressive
neurological condition (e.g., Alzheimer’s disease) or surgi-
cal procedure (e.g., tumor resection, hip replacement) or
improvements due to an intervention (e.g., medication, cog-
nitive rehabilitation). To make the decision of neuropsycho-
logical change in the individual patient, clinicians have had
several statistical procedures at their disposal (e.g., Reli-
able Change Index: Jacobson & Truax, 1991; Reliable
Change Index: Zegers & Hafkenscheid, 1994; Reliability–
Stability Index: Chelune et al., 1993; Reliability–Stability
Index: McSweeny et al., 1993; for a review of these formu-

las, see Bruggemans et al., 1997, or McCaffrey et al., 2000).
Alternatively, regression-based formulas (McSweeny et al.)
have been developed using demographic variables and
performance at the initial testing (i.e., Time 1) to predict
performance at retest (i.e., Time 2). Although these
regression-based formulas have some distinct advantages
over other methods, such as accounting for individual dif-
ferences, they also have some unique challenges. For exam-
ple, large samples are often needed to develop and then
validate these formulas.

Existing research on regression-based change formulas
has utilized both patient and control samples. McSweeny
et al. (1993) and others (Hermann et al., 1996; Sawrie et al.,
1996) have developed change formulas on a large battery of
neuropsychological measures in patients with epilepsy. The
predicted scores can be used to assist clinicians in determin-
ing if there has been a meaningful change in functioning
following surgery. Similarly, the discrepancies between pre-
dicted and observed follow-up scores allowed Bruggemans
et al. (1997) to weigh the neuropsychological effects of
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cardiac surgery in the individual patient. More recently,
Temkin et al. (1999) applied the same methodology to a
large sample of neurologically stable adults. The develop-
ment of “normal” change algorithms potentially allows for
a broader application of the formulas. A consistent finding
across these studies is that initial performance on a test is
the best predictor of retest performance, and demographic
variables slightly improve prediction accuracy. The patients
in the aforementioned studies, however, tended to be young
(e.g., majority under 50 years old), and therefore less rele-
vant to the prediction of change in older adults. A notable
exception is the standardized regression-based method-
ology of Sawrie et al. (1999), who developed change for-
mulas specifically applicable to older adults. Another
problematic issue in the earlier studies is that it is unlikely
that older patients will be evaluated (either initially or on
retest) as extensively as the patients in those studies. There-
fore, there is a need for age-appropriate prediction formulas
on healthy older adults with briefer screening measures.

One such measure is the Repeatable Battery for theAssess-
ment of Neuropsychological Status (RBANS; Randolph,
1998), which was designed to be a brief, repeatable, stand-
alone battery tapping discrete neuropsychological domains.
It is more comprehensive than other screening measures of
cognitive functioning typically used with elderly patients
with suspected neurological impairment (e.g., Mini-Mental
State Examination: Folstein et al., 1975; Dementia Rating
Scale: Mattis, 1988). Given its brevity and its ability to tap
multiple cognitive domains, clinicians’ use of the RBANS
in follow-up evaluations is more likely. As such, it is impor-
tant to be able to predict change scores, which when com-
pared to obtained retest performances, can assist in making
the determination of the amount of change in the individual
patient. Unfortunately, besides the test’s manual, there is
very little test–retest data on this instrument (see Wilk et al.,
2002, for an exception).

The purpose of this study was to develop regression-
based change formulas for the RBANS using a large sample
of community dwelling older adults, and then compare the
accuracy of these scores in an independent sample.

METHODS

Data for the present study represents a subsample of the
Oklahoma Longitudinal Assessment of Health Outcomes in
Mature Adults (OKLAHOMA) study. In this study, individ-
uals were recruited from the practices of family physicians
throughout central Oklahoma to assess various indicators
of health functioning across time. Physicians in these prac-
tices reviewed their billing records and identified patients
65 years or older with a visit in the past 18 months. Staff
members eliminated patients who were thought to be too
confused to understand and sign informed consent. Prior to
inclusion into the study, a research nurse and the Project
Coordinator for the OKLAHOMA study interviewed each
individual (n5 955). Based on these contacts, an additional
156 individuals were eliminated because it was judged that

they lacked the cognitive capacity to make informed deci-
sions. Of the remaining 799 participants initially assessed,
500 were re-evaluated approximately 1 year later. An addi-
tional 55 patients were eliminated from further analyses
(n 5 445) for a variety of self-reported comorbid medical
conditions that were thought to negatively impact their cog-
nitive functioning (e.g., stroke or transient ischemic attack,
head injury, concussion, seizures, Parkinson’s disease, brain
hemorrhage). The remaining 445 participants were ran-
domly divided into two groups (development group, n 5
223;validation group, n 5 222). Demographic information
and retest intervals for the two groups are provided in Table 1.
All participants completed Form A of the RBANS (Ran-
dolph, 1998) on both occasions, and their scores are also
presented in Table 1. Sensory deficits (e.g., macular degen-
eration) precluded some participants from completing all
subtests.

The RBANS (Randolph, 1998) is a brief, individually
administered test measuring attention, language, visuo-
spatial0constructional abilities, and immediate and delayed
memory. It consists of 12 subtests, which yield five Index
scores and a Total Scale score. Normative information from
the manual for the Index and Total scores is based on 540
healthy adults who ranged in age from 20–89 years old. All
subtests were administered and scored as defined in the
manual, with the exception of the Figure Copy and Fig-
ure Recall, which is more thoroughly described in Duff
et al. (2003). In brief, minor modifications were made to
the original scoring criteria for Figure Copy and Recall
based on communications with the RBANS developer
(C. Randolph, personal communication, January 18, 2003
and March 3, 2003), which were less rigid than the scoring
criteria reported in the manual. Utilizing these modified
scoring criteria, scores for these two subtests more closely
approximated the normative information reported by Ran-
dolph (1998). A copy of these modified scoring criteria can
be obtained from the first author.

Based on McSweeny et al. (1993), stepwise multiple
regression analyses were used to derive prediction equa-
tions in the development sample. In these alogorithms, our
intent was to provide the best prediction of a Time 2 Index
score from the available data at Time 1. Therefore, demo-
graphic variables (age, gender, education, race), retest inter-
val, and the Time 1 Index score were regressed on a single
Time 2 Index score (e.g., demographic variables, retest inter-
val, and Time 1 Immediate Memory was regressed on Time
2 Immediate Memory). Age was represented as years old at
Time 1. Gender was coded asfemale5 0, andmale5 1.
Education was coded as11 years or less5 1, 12 years5 2,
13–15 years5 3, or16 years or more5 4. Race was coded
asnon-White0non-Caucasian5 0, orWhite0Caucasian5 1.
The inclusion of these demographic variables, and their
respective categorizations, has been empirically supported
in other investigations with this same dataset (Beatty et al.,
2003; Duff et al., 2003; Patton et al., 2003). Retest interval
was represented as days from Time 1 to Time 2. Index
scores were age-corrected standard scores calculated from
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the RBANS manual, with a mean of 100 and a standard
deviation of 15. A separate prediction equation was gener-
ated for each of the Indexes and the Total Score using the
development sample. No variables were forced into the equa-
tions, rather their entry or removal was empirically deter-
mined (e.g., entry:p 5 .05, removal:p 5 .10).

Predicted Time 2 scores were then generated for each
participant in the validation sample, and their observed
Time 2 scores were compared to the predicted Time 2 scores.
Several methods were employed to compare observed and
predicted Time 2 scores in the validation sample, including
pair-wiset tests, effect sizes (i.e.,d; Cohen, 1988), Pearson
correlations, and the percentage of cases’ predicted score
falling within 65 and610 points of the observed score.

RESULTS

There were no significant differences between the develop-
ment and validation samples across age, gender, education,
race, or retest interval. Time 1 and Time 2 RBANS scores
were not significantly different between the groups (p .
.01 for all comparisons).

The results of the prediction of Time 2 RBANS Indexes
based on the development sample are presented in Table 2.
For each Index score, the final model’sR2, standard error
of the estimate, constant, and unstandardized beta weights
for relevant variables are listed. The final model in predict-
ing Immediate Memory at Time 2, which included Imme-
diate Memory at Time 1, age, and education, accounted for

Table 1. Demographic information on the samples

Variable
Development

(n 5 223)
Validation
(n 5 222)

Age 72.83 (5.73) 72.94 (5.31)
Gender (n)

Males 89 104
Females 134 118

Education (n)
11 years or less 19 24
12 years 52 66
13–15 years 82 63
16 years or more 70 69

Race (n)
Non–White, Non–Caucasian 24 20
White, Caucasian 199 202

Retest interval 381.75 (47.74) 377.88 (51.19)
RBANS indexes Time 1 Time 2 Time 3 Time 4

Immediate Memory 98.07 (17.44) 97.94 (17.00) 96.35 (16.63) 96.50 (16.76)
Visuospatial0Constructional 105.72 (17.00) 105.91 (16.04) 104.45 (16.42) 106.14 (16.53)
Language 96.32 (10.94) 97.69 (9.98) 96.29 (11.14) 96.68 (11.35)
Attention 103.03 (15.47) 102.07 (14.92) 103.54 (15.03) 102.50 (14.15)
Delayed Memory 100.49 (16.32) 102.77 (15.98) 101.74 (16.29) 102.15 (17.03)
Total Scale 101.06 (15.58) 101.77 (14.39) 100.72 (14.70) 101.24 (15.43)

Note. Unless otherwise noted, values represent means and standard deviations (in parentheses). Age is in years and retest
interval is in days. Index scores were age-corrected scaled scores based on the RBANS manual.

Table 2. Regression equations for predicting Time 2 RBANS Indexes
in the development sample

Index R2 SEest
a Cb Bc Bd Be Bf

Immediate Memory .56 11.08 53.76 .63 2.37 2.58
Visuospatial0Constructional .43 12.50 35.89 .57 2.81
Language .39 8.79 35.28 .63
Attention .60 9.65 37.04 .75 2.30 .03
Delayed Memory .51 11.46 30.60 .71
Total Scale .72 7.81 37.65 .75 2.23 1.47

Note. Index scores are age-corrected standardized scores. Age is in years. Refer to Methods section for
coding of education. Retest interval is in days.aStandard error of the estimate,bConstant,cUnstandard-
ized beta weight for Time 1 Index score,dUnstandardized beta weight for age,eUnstandardized beta
weight for education,fUnstandardized beta weight for retest interval.
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a significant amount of variance [F(3,219)5 90.95,p ,
.001]. Visuospatial0Constructional Time 2 was best pre-
dicted by Visuospatial0Constructional Time 1 and educa-
tion [F(2,220)5 80.85,p , .001]. Language Time 2 was
best predicted by Language Time 1 [F(2,218)5 136.22,
p , .001]. Attention Time 1, age, and retest interval best
predicted Attention Time 2 [F(3,217)5 106.21,p , .001].
Delayed Memory Time 2 was best predicted by Delayed
Memory Time 1 [F(1,220)5 225.23,p , .001]. Finally,
the follow-up Total Score is best predicted by Total Score
Time 1, age, and education [F(3,216)5 184.71,p , .001].

Predicted Time 2 scores for the validation sample, based
on the formulas in Table 2, are presented in Table 3. The
mean differences between observed and predicted Time 2
scores were minimal, ranging from20.80 (Delayed Mem-
ory) to 1.65 (Immediate Memory) Index points. Pairwise
comparisons between observed and predicted scores for the
validation sample were significant for the Immediate Mem-
ory [t(221)5 3.81,p , .01] and Visuospatial0Construction
[ t(216)5 3.42,p , .01]) Indexes. All other Index and Total
Score comparisons were nonsignificant (p . .01). Effect
sizes (i.e., Cohen’sd) were all small (i.e.,# .20).

Table 4 displays the percentage of cases whose predicted
Time 2 score fell within65 Index points and within610
Index points of the observed Time 2 score. As can be seen
in the table, 86% of the patients’ predicted Time 2 Total
Score was within65 points of its observed Time 2 score,
and 99% were within610 points on that same measure. For

the individual Indexes, the Language Index prediction for-
mula was the most accurate (i.e., identifying 88% and 97%
of the cases within65 and610 points, respectively), and
the Visuospatial0Constructional Index prediction formula
was the least accurate (i.e., identifying 58% and 86% within
5 and 10 points, respectively).

DISCUSSION

The present study presents regression formulas that were
designed to predict follow-up performances on the RBANS,
which were derived from a large sample of community
dwelling older adults. Consistent with previous research
(McSweeny et al., 1993; Temkin et al., 1999), initial per-
formance on a measure (i.e., Time 1 score) was the best
predictor of follow-up performance (i.e., Time 2) on that
same measure, although other factors, including demo-
graphic variables, also added to the predictive value of the
formulas. Within the current study, predictor variables
accounted for approximately 39–72% (M 5 53%) of the
variance of the criterion variables (i.e.,R2 of multiple regres-
sion equations). Although these findings do not capture the
entirety of the Time 2 scores, they are similar to those
reported by others (Hermann et al., 1996; Sawrie et al.,
1996) using different patient samples. Temkin et al. (1999)
reported slightly higher relationships between predictor and
criterion variables, but they only presented on a limited set
of neuropsychological measures. It is possible that the inclu-
sion of other variables (e.g., education defined continu-
ously rather than categorically, broader range of racial0
ethnic status, medical conditions of the patient, psychometric
stability of the measures, occupational status of the patient,
or squared and cubed transformations of the Time 1 mea-
sures; see Temkin et al.) may further increase the robust-
ness of these formulas.

An individual’s Index score at Time 1 was consistently
the best predictor of their Time 2 performance. For exam-
ple, when looking at the standardized beta weights from the
regression equations, nearly 80% of Total Score’s Time 2
performance could be identified with its Time 1 score. Demo-
graphic variables, however, were less equitably distributed
among the regression algorithms, in that age was utilized

Table 3. Comparison between observed and predicted RBANS Indexes for the validation sample

Index
Observed Time 2

M (SD)
Predicted Time 2

M (SD)
Difference
M (SD) t r d

Immediate Memory 96.50 (16.76) 94.84 (11.53) 1.66 (6.45) 3.81*f .96* 0.11
Visuospatial0Constructional 106.14 (16.53) 104.52 (10.48) 1.62 (6.95) 3.42*b .97* 0.12
Language 96.68 (11.35) 96.47 (7.19) 0.21 (4.17) 0.72e .99* 0.02
Attention 102.59 (14.12) 102.87 (10.87) 20.28 (4.04) 21.03d .98* 20.02
Delayed Memory 102.05 (17.05) 102.85 (12.07)20.80 (4.98) 22.38c .99* 20.05
Total Scale 101.14 (15.47) 100.61 (12.27) 0.53 (3.76) 2.08a .99* 0.04

Note. Index scores are age-corrected standardized scores. Difference represents observed Time 2 score minus predicted Time 2 score.
Superscripts represent degrees of freedom fort tests (a5 215, b5 216, c5 217, d5 219, e5 220, f5 221). * 5 p , .01.

Table 4. Predictive accuracy of change formulas based
on validation sample

Index
% within
65 points

% within
610 points

Immediate Memory 59.0 90.0
Visuospatial0Constructional 57.6 85.7
Language 88.2 97.3
Attention 83.6 98.6
Delayed Memory 82.1 94.0
Total Scale 86.6 99.5
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by three equations, education by three, while gender and
race did not significantly contribute to any RBANS Index
scores. The inclusion of age into equations was unexpected
due to the relatively restricted age range of the sample (i.e.,
64–90 years old) and given that Index scores are already
age-corrected. Education’s impact was less surprising, as
its relationship with intelligence and other neuropsycholog-
ical measures has been repeatedly demonstrated (e.g., Heaton
et al., 1991). Test–retest interval was only used in one of the
regression formulas, which may also be due to the restricted
range in that the duration between testings was approxi-
mately 1 year for most participants. Past research (Temkin
et al., 1999), however, suggests that some measures are
more affected by the length of time between evaluations.

As noted above, it is not surprising that demographic
factors contributed to the prediction of follow-up scores;
however, the process by which they contribute is less clear.
Unlike a single-session evaluation, where demographic fac-
tors affect performance at one point in time, repeated assess-
ments are considerably more complex. In a re-evaluation,
age and education could affect Time 1 scores, Time 2 scores,
and the change in scores from Time 1 to Time 2. That is,
there is likely some synergistic effect of age, education, and
other factors on the change in performance across time
(McCaffrey et al., 2000). For example, it is possible that
change occurs differently in older individuals with lower
education attainment. Indeed, intelligence has been shown
to interact with repeated assessments, practice effects, and
the determination of change across time (Rapport et al.,
1997a, 1997b; Rentz et al., 2004).

In addition to developing the prediction formulas, the
present study also empirically assessed the utility of these
formulas by validating them in a separate sample of healthy
older adults. The mean differences between observed and
predicted Time 2 scores were minimal in the validation
sample, and ranged from20.80 (Delayed Memory) to 1.65
(Immediate Memory). Overall, the regression equations were
accurate in predicting the observed score with the mean
difference across Indexes being 0.48 Index points. Two of
the predicted Indexes were significantly different from their
observed counterparts, but the magnitude of these differ-
ences was small. Correlations between observed and pre-

dicted scores were also statistically significant for all
measures, and indicated a strong relationship between these
scores.

To further evaluate the clinical utility of the prediction
equations, the percentage of cases whose predicted Time 2
score fell within65 or610 points of their observed Time 2
score was assessed in the validation sample. As expected,
the Total Score had the greatest combined accuracy, with
86% of the cases falling within65 points, and 99% falling
within 610 points. Although the individual Indexes tended
to have slightly lower hit rates, clinicians should feel con-
fident in predicting Time 2 scores using the proposed
algorithms.

Practitioners who have not used these techniques previ-
ously may also benefit from a brief case example illustrat-
ing their use. The patient is a 75-year-old retired White
male with 10 years of education who was evaluated for
complaints of memory problems approximately 1 year ago.
His RBANS scores from that time are presented in Table 5.
Due to his borderline memory performances, a diagnosis of
mild cognitive impairment was made and a follow-up eval-
uation in 1 year was recommended. Observed Time 2
RBANS scores are also presented in Table 5, along with the
difference between Time 1 and Time 2 observed scores.
Predicted Time 2 scores (based on the equations in Table 2)
and the difference between observed and predicted Time 2
scores are also presented. An initial review of the differ-
ences between observed Time 1 and 2 scores suggests that
the patient has declined across all cognitive domains in the
course of the year, from 103 to 405 of an Index standard
deviation (SD5 15). Such a progressive decline, especially
if accompanied by deterioration of activities of daily living,
might lead a clinician towards the diagnosis of dementia.

If the clinician were to utilize the prediction equations
from the current study, however, s0he might come to a dif-
ferent conclusion. Specifically, when Time 2 predicted dif-
ferences (i.e., predicted Time 2 score2 observed Time 2
score) are compared to observed differences (i.e., observed
Time 1 score2 observed Time 2 score), it is revealed that
observed decline is greater than predicted decline for some
of the Indexes (e.g., Immediate Memory: observed5 25,
predicted5 2.29). For other Indexes (e.g., Attention and

Table 5. Case example

Index
Observed
Time 1

Observed
Time 2

Difference
observed

Predicted
Time 2

Difference
predicted SEest z

Immediate Memory 90 85 25 85.29 20.29 11.08 20.03
Visuospatial0Constructional 105 98 27 98.55 20.55 12.50 20.04
Language 96 90 26 95.76 25.76 8.79 20.65
Attention 101 95 26 101.24 26.24 9.65 20.65
Delayed Memory 77 65 212 85.27 220.27 11.46 21.77*
Total Scale 91 82 29 90.12 28.12 7.81 21.04

Note. Difference observed represents observed Time 2 minus observed Time 1. Predicted Time 2 scores are based on regression formulas presented in
Table 2. Difference predicted represents observed Time 2 minus predicted Time 2.SEest5 standard error of the estimate from the regression equations of
the development sample.z5 difference predicted4 SEest. * p , .05.
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Total Score), predicted and observed differences are similar
(e.g., Attention: observed526, predicted526.24). Finally,
the predicted difference (220.27) is much greater than the
observed difference (212) for the Delayed Memory Index.
When the predicted0observed differences are converted to
standard metric by dividing them by their respective stan-
dard error of the estimates (Hermann et al., 1996; McSweeny
et al., 1993; Sawrie et al., 1996), it is revealed that only the
Delayed Memory Index demonstrates a statistically signif-
icant decline (i.e.,z . |1.64|).

Hence, when the statistical data are considered, it appears
that the patient in question only shows a significant decline
in Delayed Memory, which might prompt the clinician to
retain the diagnosis of mild cognitive impairment, rather
than infer the expression of a full dementia. It should be
noted, however, that we are not advocating for a strictly
psychometric assessment of any patient (i.e., based solely
on test data, without the complementing historical informa-
tion or behavioral observations), rather we are attempting
to provide clinicians with the necessary psychometric infor-
mation to assist in the clinical decision-making process. A
copy of the computer program used to calculate the pre-
dicted scores, difference scores, and test of the differences’
significance can be obtained from the first author.

Several limitations of the present study should be noted.
First, as with most regression-based prediction formulas
(Tabachnick & Fidell, 1996), the current RBANS equations
are likely to provide the best estimates of Time 2 perfor-
mances for individuals who do not fall at the extremes of
functioning (e.g.,,2nd percentile or.98th percentile) at
Time 1. In these cases, the prediction equations are more
susceptible to regression to the mean effects, and will likely
overestimate or underestimate predicted Time 2 scores. Sim-
ilarly, the use of these formulas outside the demographic
and situational parameters of the sample (e.g.,,64 or.90
years old; relatively brief or extended retest intervals) may
increase error. Readers are reminded that all Figure Copy
and Figure Recall protocols were scored using slightly mod-
ified scoring criteria than those specified in the RBANS
manual. Finally, participants in the current study do not
represent “optimal” aging, as defined by the American Psy-
chological Associate Working Group on the Older Adult
(1998). Rather, they may be more representative of “nor-
mal” aging patterns, which include individuals with numer-
ous medical conditions. In fact, the absence of a significant
practice effect (see Table 1) in this sample raises the possi-
bility that this group of older adults might be slightly declin-
ing in their cognitive abilities.

In conclusion, the present prediction algorithms have the
potential to provide more accurate assessments of possible
change in the individual patient by considering the influ-
ence of initial performance, practice effects, test–retest inter-
val, and other demographic factors. These equations provided
estimates that closely approximated actual Time 2 Index
scores. In addition to providing prediction equations on a
new measure, the RBANS, the current study also extends
the existing literature in this area to include formulas rele-

vant for practitioners who evaluate older adults. Future
research should continue to expand this limited knowledge
base, as this segment of the population continues to grow.
Additionally, validation of the effectiveness of these formu-
las in a clinical sample would further extend their clinical
utility.
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