The Challenge of early intervention: how do you identify low performance?
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OBJECTIVE

TABLES & FIGURES

To develop and compare methods for flagging unexpectedly low or high
cognitive performance in those at risk for Alzheimer’s disease (AD).
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METHOD S
554 healthy volunteers (53 ± 6.6 years old at Time 1; 374(67.5%)
female; 360(65.0%) college-educated; 548 (98.9%) white; 452(81.6%)
FH+) completed a neuropsychological battery at Time 1 and Time
2. For Rey’s AVLT delayed recall, we compared three methods for
categorizing Time 2 performance:
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Early intervention may slow the development of AD. Little is known,
however, about how to identify performance which suggests
possible prodromal AD. This study compares methods for identifying
longitudinal neurocognitive performance that is different than expected.
We hypothesized that cutoffs based on population norms would
be less able to detect subtle changes in performance than would
regression-based methods (Temkin et al., 1999).
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– Method 3 included Time 1 performance, gender, age,
education, season, and test-retest interval in a stepwise
fashion (Time 1, interval retained; p<0.1).
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Time 2 vs. time 1 working memory composite scores, by classification method.
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Time 2 vs. time 1 working memory composite scores by method overlap in identifying
low performance. No symbol in the legend indicates no overlap in that category.

FIGURE 5. DOMAIN OVERLAP BY METHOD
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– Method 2 predicted Time 2 scores using Time 1 scores.
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FIGURES 1-3. CLASSIFYING WORKING MEMORY PERFORMANCE: THREE METHODS
METHOD 1

.
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*Test scores range from 0 to 15 for AVLT-d; Composite scores have mean=0 and sd=1.
**Method 3 models included the following predictors in addition to Time 1 performance: AVLT-delay: interval; Verbal ability: season, education; Visuospatial ability: gender,
education; Speed & flexibility: age, season; Working memory: season; Verbal learning & Immediate memory, no covariates.

• For Methods 2 and 3, we used the control group to develop
regression models to predict Time 2 performance.
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• For Method 1, we used published norms (Schmidt, 1996; cited in
Strauss et al., 2006) to convert raw scores to z-scores.
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Method Overlap in Flagging Low Performance

Means (standard deviation) of seven outcome variables, stratified by classes and method of classification
Tests*
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FIGURE 4. METHOD OVERLAP

TABLE 1. AVERAGE COGNITIVE SCORES BY METHOD

background

For each method, Time 2 scores outside the 90% CI for predicted
performance were flagged as worse or better than expected. We
repeated these methods for six composite outcomes constructed
from our battery (Dowling et al., in press), treating the standardized
composite scores from our FH- group as norms for the purpose
of Method 1. We examined frequencies of lower-than-expected
performance as determined by each of the models.
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Model agreement: The classifications made by Models 2 and 3 had
good to very good agreement for all outcomes (weighted kappa values
.71-.83). However, Model 1 did not agree well with either of the other
two (weighted kappa values .08-.38), suggesting that norm-based
methods and regression-based methods do not identify the same
people as low performers (Fig. 1-4).
Overlap of cognitive indicators: Poor performance on one outcome
did not generally transfer to poor performance on another outcome.
Figure 5 shows the relative proportion of low performers who were
classified as “Worse” on multiple composite score outcomes by
Methods 1, 2, or 3.

con clu sion s
As predicted, regression-based methods picked up on variability
not captured by norms, which may prove helpful for identifying early
decline in those who start out as high performers. However, in our
relatively young sample, it is still unclear which of these approaches
will do the best job of targeting AD-specific change. Additional followup of this sample is needed to determine the overall sensitivity and
specificity of these approaches for identifying patients who are on a
trajectory to develop MCI and AD. In the meantime, clinicians may
want to consider both absolute and relative low performance for a
given individual when assessing patient risk of AD.
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Distribution of classifications: In general, Method 1 identified
fewer people as performing worse or better than expected than did
either of the other methods. The average percentage (worse, better)
across the seven outcomes was (4, 6) for Method 1, (6, 9) for Method
2, and (6, 10) for Method 3. Furthermore, the average performance
of those identified by Methods 2 and 3 was less extreme (Table 1).
This suggests that Methods 2 and 3 allow one to identify more subtle
declines.
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Method 3

The relative proportion of low performers identified by a method that were
classified as low on more than one composite score. Numbers represent
raw counts of people in each category.
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