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General Methods

Participants

A previous report outlined the recruitment of a sample of 408 English and Spanish speaking older adults in Phase 1 of this study, 1992-1996 (Mungas, Reed, Marshall, & González, 2000).  In this report we describe three studies using patients recruited and tested in Phase 2 (1998-2001) and Phase 3 (2002-) of this project.  A total of 1374 Hispanics and Caucasians participated in these three studies; 907 were administered the complete battery of SENAS scales while 467 were administered a subset of scales.  Data from Phase 1 was not used in these studies.  Scale development (Study 1) was based on a Phase 2 sample.  Evaluation of dimensional structure (Study 2) and assessment of differential item functioning (DIF; Study 3) included participants from Phase 2 and Phase 3.  Participants in Phase 2 were drawn from several sources: the Sacramento Area Latino Study of Aging (SALSA) (n = 835), an independent community based recruitment of non-Hispanics and Hispanics from Woodland, California (n = 260), and a convenience sample of patients and normals from the UC Davis Alzheimer’s Disease Center (UCD ADC)(n = 34).  Phase 3 participants were individuals recruited from a cognitive screening program associated with general medical practices in northern California (n=195) and additional UCD ADC patients (n=50). Because participants were recruited under different protocols, the N’s for specific analyses varied.  Table 1 shows numbers of participants from each recruitment group broken down by ethnicity and language of test administration and provides information about which recruitment groups participated in Studies 1, 2 and 3.

SALSA. The SALSA project is an epidemiological study of cognitive impairment and dementia in older Hispanics in the Sacramento, California area (Haan et al., 2003).   The SALSA sample included individuals who received the full SENAS battery (SALSA Full; n = 418) as well as a subsample (SALSA Partial; n = 417) tested as part of the SALSA dementia ascertainment process with an abbreviated, six-scale battery.  All SALSA participants received a cognitive screen consisting of the Modified Mini Mental State Exam (3MS; Teng & Chui, 1987) and the original Word List Learning Test (WLL-I) from the SENAS (González, Mungas, Reed, Marshall, & Haan, 2001; Mungas et al., 2000).  From a baseline cohort of 1789 Hispanics 60 years of age and older, a randomly selected 20% subset was recruited for this project, and 85.5% completed the SENAS (312 cases).  A supplemental sample of primarily Spanish-speakers who had passed cognitive screens was recruited, and 73.3% of this group completed SENAS evaluation (99 cases).  Finally, SALSA participants who scored below the 20th %ile on either the 3MS or the delayed recall trial of the word list learning test (DelRc) (after statistically adjusting for effects of age, education, language of administration, and gender per González et al., 2001) were referred for neuropsychological testing with a subset of SENAS tests that were used in the SALSA dementia ascertainment process. These tests, in addition to DelRc, were Object Naming, Picture Association, Verbal Attention Span, Verbal Conceptual Thinking, and Pattern Recognition.  Testing was completed by 84.5% of referrals from this category (417 cases).  These cases were selected for poor cognitive performance, and results are not available for all tests. Consequently, these cases were used for item calibration and scale construction purposes for the six scales, but were not used in other analyses.

Woodland.  The Woodland recruitment used a mailing and telephone list purchased from a commercial source.  Woodland is a community of about 50,000 located 15 miles from Sacramento, with about 39% being Hispanics according to the 2000 Census.  Selection criteria for generating the list were age of 60 years or more and residence within either of the two zip codes in Woodland.  Spouses of individuals on the list also were invited to participate if they otherwise met inclusion criteria.  The list was further sorted by Latino surname. Categorization by Latino surname was used for recruitment stratification, but was not used to define ethnicity of participants.  For non-Latinos, 29.0% from the list could not be contacted, had died, or were ineligible (primarily due to age).  Testing was completed by 62.5% (217 cases) of eligible individuals who we were able to contact.  For Latinos, 65.4% could not be contacted, had died, or were ineligible. Testing was completed for 58.9% (43 cases) of eligible individuals who were successfully contacted.

UCD ADC​. In Phase 2, a small convenience sample of patients of the UC Davis Alzheimer’s Disease Center (UCD ADC) who had a clinically diagnosed cognitive impairment were tested (UCD ADC Patients; 13 cases).  These patients were added to enrich the low ability end of the distribution of the sample.  Twelve had a clinical diagnosis of dementia and one was diagnosed as cognitive impairment, no dementia (CIND).  A convenience sample of normal Spanish-speaking individuals was also recruited from family members and acquaintances of patients and staff of the UCD ADC (UCD ADC Normal; 21 cases).  These individuals were administered the full SENAS battery and were included in Studies 1 and 2. 

Fifty additional UCD ADC patients were recruited and tested in Phase 3. This group included 45 Caucasians and eight Hispanics, five tested in Spanish.  Clinical diagnosis was normal (N=8), CIND (N=25), and demented (N=17).  These individuals did not receive the full SENAS battery, and were included only in Study 3.  

Cognitive Screening. Phase 3 began in 2002, and ongoing recruitment of participants is accomplished with a cognitive screening protocol in patients from health care practices affiliated with the UCD ADC.  A total of 195 participants (79 Caucasians, 27 Hispanics tested in English, 89 in Spanish) from this source were included in Studies 2 and 3.  Recruitment occurred in two primary facilities, the Martinez Veterans Administration Outpatient Clinic and the Outpatient Clinics at San Joaquin General Hospital in Stockton, CA, a county hospital and clinic setting.  Martinez cases were recruited from individuals participating in a clinical screening program for older adults, and a response rate of approximately 70% was achieved.  San Joaquin participants were approached in waiting rooms of clinics and invited to participate.  Approximately 50% of those contacted agreed to participate.

Psychometric and Analytic Methods

Covariance Structure Analysis (CSA).  The Mplus application was used for CSA analyses. An advantage of Mplus is that is explicitly enables modeling of categorical dependent variables. This is accomplished by assuming that there is a latent continuous variable underlying each categorical variable, with the categories defined by threshold or cut-off values related to the underlying continuous variable.  Latent continuous variables are assumed to have a multivariate normal distribution.  

Multiple fit indices used for CSA involving continuous and categorical indicator variables are generated by Mplus.  There is a substantial literature on fit indices for CSA.  An important simulation study by Hu and Bentler (Hu & Bentler, 1998) evaluated a number of different fit indices and tested their relative sensitivity to model misspecification under conditions involving different sample sizes and deviations from distributional assumptions.  They identified several indices that were sensitive to model misspecification but were relatively unaffected by sample size and deviation from multivariate normality in the context of different estimators including maximum likelihood, generalized least square, and robust distribution free estimation.  They recommended several indices for use with maximum likelihood estimation, and reported that these indices with maximum likelihood estimation were at least as effective as fit indices associated with distribution free estimators.  They strongly recommended the standardized root mean square residual (SRMR; (Bentler, 1995; Jöreskog & Sörbom, 1981)), and suggested that this be supplemented by at least one of several other fit indices.  These included the comparative fit index (CFI; (Bentler, 1989, 1990)), the non-normed fit index (NNFI; (Bentler & Bonett, 1980; Tucker & Lewis, 1973)), and the root mean square error of approximation (RMSEA; (Cudek & Browne, 1983)).  The RMSEA was recommended as a particularly useful index in a recent review of CFA methodology (MacCallum & Austin, 2000), partly because a 95% confidence interval for its attained value can be determined which facilitates comparison across different models.  A recent simulation study (Yu, 2002) has examined various fit indices in the context of Mplus analysis using categorical indicators.  These same four indices were identified as being appropriate and useful in this context.  Guidelines for interpretation of these indices are similar for analyses involving continuous and categorical indicators.  Generally, CFI and NNFI values of .95 and higher are considered to indicate good fit.  RMSEA values of .05-.06 and lower indicate good fit, while values between .06 and .08 indicate moderate fit.  SRMR values under .08 indicate good fit. These fit indices were used to evaluate goodness of fit in subsequent CSA analyses.  

Relative fit of nested models was evaluated using the difference in the chi-square values from the two models, which is distributed as chi-square with degrees of freedom equal to the difference in degrees of freedom associated with the two models.  Two models are nested when both include the same parameters, but parameters that are freely estimated in one model are constrained in the nested model.  Akaike’s Information Criterion (AIC; (Akaike, 1987)) also was used to evaluate relative fit.  This measure of goodness of fit corrects for the number of parameters in a model, and is useful for evaluating relative fit of non-nested models.  Lower values indicate better fit; if two models have the same number of freely estimated parameters the model with the lower AIC has the best fit.  Similarly, the model with the lower AIC has the better fit of two models that have the same values on other fit indices.

Study 1

Psychometric Methods

Evaluation of Unidimensionality.  Mplus was used to verify that item pools for each scale were sufficiently unidimensional for IRT analysis purposes.  Two different methods were used. First, exploratory factor analysis of the item correlation matrices was performed for each scale, separately for the English and Spanish samples.  Tetrachoric correlations were used for the nonmemory scales and Pearson correlations were used for the memory scales.  The resulting scree plots were examined and compared to scree plots generated from random datasets with the same number of variables (McDonald, 1999) to determine if there was a dominant first factor and subsequent factors that did not substantially different from the pattern observed in the random data.  Eight of the 13 scales (Picture Association, Pattern Recognition, Spatial Localization, Verbal Conceptual Thinking, Verbal Expression, Word List Learning - I, Word List Learning - II , and Spatial Configuration Learning) had ratios of eigenvalues of the first to the second factor  greater than 4.0 in both English- and Spanish-administration samples, and were considered sufficiently unidimensional without further evaluation.  Ratios were greater than 2.0 for the remaining scales.  

CSA using Mplus was performed for these scales to further evaluate unidimensionality. The ability of a single latent dimension to account for covariance among items was evaluated using the fit indices previously described.  Four of the remaining five scales were found to be sufficiently unidimensional after excluding extremely hard and extremely easy items that had very skewed distributions.  IRT difficulty and discrimination parameters and ability estimates were derived for these scales excluding the skewed items and were compared with parameters derived from the full item pool.  Parameters from the restricted item pool were regressed on parameters from the full item pool, and the root mean square error (RMSE) was used to quantify the differences in parameter estimates.  This index corresponds to the standard deviation of the residuals, and can be compared to the standard errors for the parameters to determine if there is a significant change in parameter estimates.  For all four scales, RMSEs were less than half of the respective standard errors of the ability estimates and item parameters. This provides evidence of invariance across different item pools and supports the appropriateness of including the skewed items in the items pool used for scale calibration.  For the remaining scale (Nonverbal Conceptual Thinking), several poorly fitting items were identified and eliminated from the item pool, and the remaining items were reasonably unidimensional. 

Identification of IRT Model. Identification of the appropriate IRT model was achieved as follows.  Appropriateness of a one parameter (1PL) versus two parameter (2PL) IRT model was evaluated for scales with dichotomous items with a free response format.  Mplus was used to evaluate the fit of a 1PL model in which only thresholds (difficulty parameters) were freely estimate in comparison with a 2PL model with freely estimated thresholds and factor loadings (discrimination parameters). The 2PL model provided a better fit for all of these scales and was selected for further analyses.  For multiple choice items, relative fit of 2PL and three parameter (3PL) models was assessed. XCALIBRE was used, and standardized residuals were used to evaluate model fit.  The standardized residual is an item-level statistic that describes the fit of the IRT model (2PL or 3PL) to the item. A value of 0.0 indicates perfect fit, and smaller values indicate better fit. Mean fit, across items, of 2PL and 3PL models was evaluated, as was the pattern of fit across items.  The 3PL model consistently provided a better fit for three scales whose items had six response options (Verbal Conceptual Thinking, Non-Verbal Conceptual Thinking, Pattern Recognition). For Picture Association, which was multiple choice but had ten or more response options for most items, the 3PL model did not improve fit in comparison with the 2PL model, so the 2PL model was selected.  

Earlier work with the episodic memory scales compared two different analytic approaches.  Preliminary data analysis indicated that the total number of items recalled on individual trials was highly correlated with total score from the entire test, whereas performance on individual items (e.g. words from the word list) within trials was not as consistently related to total score.  Number of items recalled across trials increased in a stable manner, but different items were recalled on different trials for different participants.  At a conceptual level, the assumption of local independence underlying IRT models (Baker, 1985; Hambleton & Swaminathan, 1985; Hambleton, Swaminathan, & Rogers, 1991) is likely not met for items within trials since memory capacity is fixed at a sub-maximal level for most trials, so that recall of items is likely to interfere with recall of other items as maximum capacity is approached.  For these reasons the trial total score was considered the basic unit of analysis and the graded response IRT model of Samejima (Samejima, 1969, 1997) implemented using the PARSCALE (Muraki & Bock, 1996) application was used for the memory/learning tests.

Scale Refinement and Calibration. The scale calibration/refinement process was as follows. 

1. A logistic regression analysis was performed for each item in each scale to identify items without differential item functioning (DIF; Camilli & Shepard, 1994) related to language of test administration using methods similar to those described in Mungas et al (2000).  It was important to identify items without DIF that could be used as linking items for scale equating across English and Spanish language versions (Step 3). Briefly, scale total score was used to estimate ability and item response (pass versus fail) was regressed on this ability estimate, language of administration, and the ability by language interaction.  Items that had significant ability main effects but clearly nonsignificant (p>.20) language main effects and interaction effects were identified as potential linking items.

2. For each non-memory scale, XCALIBRE was used to analyze a combined English and Spanish dataset consisting of cases with complete test results for all scales.  XCALIBRE simultaneously estimates item parameters and participant ability using iterative marginal maximum likelihood methods.  A three-parameter IRT model was used for the multiple-choice scales (Verbal Conceptual Thinking, Non-Verbal Conceptual Thinking, Pattern Recognition) and a two-parameter IRT model was used for the other seven scales. 

3. Five items for each scale were selected as linking items.  These were items without significant language DIF in Step 1.  We sought items that had a broad and symmetrical range of difficulty (difficulty parameters close to –1.3 s.d., -0.5 s.d., 0.0 s.d., 0.5 s.d., and 1.3 s.d. from the mean of the combined sample).

4. A separate XCALIBRE analysis for each non-memory scale was performed for each language group.  The item parameters from the combined sample analysis for the five linking items (Step 3) were used to equate the scale of measurement across the English and Spanish sub-samples  (Hambleton & Swaminathan, 1985).  This process also equated the ability metric across scales.

5. Item parameters from the separate English and Spanish sub-sample analyses were used to generate test information curves (TICs) and test characteristic curves (TCCs).  The TICs were used to establish psychometrically matched scales.  Use of TICs in this manner enables construction of tests that fit an a-priori model for scale reliability at different parts of the ability continuum (van der Linden, 1998).

6. A specific target model was established for all scales.  This model specified test information of 12 at all points of the ability continuum from –2.0 to 2.0 s.d.  Information=12 corresponds to a SE of .29 times the s.d. of the overall sample and an associated reliability value (r) of .92; information=9 corresponds to SE of .33 s.d. and r=.89; and information=6 corresponds to a SE of .41 s.d. and r=.75. 

7. Items were identified for each scale that showed minimal language DIF using methods that quantify the difference between item characteristic curves (Raju, 1988).  This technique identifies items with similar ICCs, which implies the same relationship to overall ability in the English and Spanish language groups.  These item sets were used as the basis for further scale refinement, which was done separately for the English and Spanish language groups.  Items were either added or subtracted to achieve the desired TIC. 

8. The resulting scales had many items that were shared by the two language versions, but also could have items that were unique to the Spanish or English language version.  In addition, items could be used that had clearly different measurement properties across the two groups, but filled a unique niche in the measurement requirements of each version.  Scale level measurement invariance does not require measurement invariance of all items as long as there is a core of invariant items (Reise, Widaman, & Pugh, 1993).  Resulting scales had different numbers of items but were matched according to reliability of measurement.  Number of English scale items ranged from 30 to 43 and Spanish from 24 to 47.  Overall, 89% of English items were shared with the Spanish version, and 89% of Spanish items were on the English version.  Allowing items that were not psychometrically matched maximized flexibility in terms of items available for scale construction and increased the likelihood of a close match to the target model for scale construction.

9. Memory scales were constructed using PARSCALE.  Trial total recall scores were the basic data units used for these analyses.  PARSCALE estimated a difficulty and a discrimination parameter for each trial total score, and a category difficulty parameter for each of the possible values of the trial total score.  For example, for the original Word List Learning scale (WLL-I, which is a 15 word, list learning test with 5 learning trials and a delayed recall trial), six difficulty and six discrimination parameters were estimated (one of each for each trial), and in addition, 15 category difficulty parameters were estimated (the number of possible trial total score values minus one).  The program simultaneously estimated trial difficulty and discrimination, category difficulty, and ability for each participant, using iterative, maximum likelihood estimation methods.  The trial difficulty and category difficulty values were combined to derive a separate difficulty value corresponding to each possible total score value for each trial.  This yielded 90 "item" difficulties for WLL-I.  These parameters and their corresponding discrimination parameters (shared for all "items" within a given trial) were used to define TCCs and TICs (Muraki & Bock, 1996).  The TIC was then used as the basis for scale construction in the same manner as for the dichotomously scored items.  Scale metrics were equated using similar methods and the same combined reference sample as for the other scales. TICs of English and Spanish versions for WLL-I and WLL-II memory measures were identical, while there were minor differences between English and Spanish versions of SCL.

10. IRT ability score equivalents of total raw scores were established for each scale. This was done to provide a common metric for scales, which differed in number of items and maximum possible score.  The TCCs were used to establish the IRT ability equivalent of each possible total raw score value for each language version of each scale. The TCCs depict the expected total score for each IRT ability level.  Because we found that the 1PL IRT model did not fit the data, the sum score is not a sufficient statistic for the IRT score, since different items receive differential weight on the ability estimation.

Study 3

Data Analysis
Identification of Differential Item Functioning.  These methods followed the approach described by Crane and colleagues (Crane, van Belle, & Larson, 2004). The DIF analyses required an ability estimate relatively free of DIF effects, and the combined sample was used to derive an ability estimate that could be used for DIF analyses with both subsamples.  Crane et al. (2004) recommended use of an IRT derived estimate of ability instead of total test score because, unlike the sum of test items, the IRT ability estimate provides a sufficient statistic for ability (Millsap & Everson, 1993).  The IRT ability equivalent described in Study 1 was first used as the ability estimate in DIF analyses involving the combined sample.  For each item, participant response (pass versus fail) was the dependent variable and in a logistic regression was regressed on the ability estimate, the background (demographic) variable of interest, and the ability-by-background interaction.  The interaction effect was first examined to determine if non-uniform DIF was present.  Crane et al. recommended Bonferroni correction (dividing the overall p value, .05 in most cases, by the number of items being evaluated) to control for false positive identification of DIF.  A p value of .0011 (.05/44) was used to identify significant non-uniform DIF.  Uniform DIF was evaluated by comparing the regression coefficient for the ability term from a model including only ability with that from a model including ability and the background variable main effect.  A ten percent change in the regression coefficient for ability was considered to indicate significant uniform DIF.  This approach is based on a simulation study (Maldonado & Greenland, 1993) that examined a number of different criteria and identified the ten percent change criterion as the best method for detecting confounding in linear regression analyses.  

Items with significant uniform or non-uniform DIF related to age, education, gender, language, or ethnicity were identified and a new IRT calibration was performed using only items without significant DIF.  IRT ability scores were calculated from this analysis and were used as the ability estimate in a new DIF evaluation phase.  The logistic regression approach was repeated using the new ability estimate, and items with uniform or non-uniform DIF were identified.  Further iterations were performed, but did not substantially change the ability estimate from that used in this phase, so this ability estimate was used for subsequent DIF analyses involving the English and Spanish subsamples.

Effects of DIF on Object Naming Scale Score. Item responses were considered to be categorical indicators of a single latent dimension representing object naming ability in both single- and multiple-group analyses.   These analyses modeled mean structure as well as covariance structure.  Mean structure parameters include threshold parameters for each item, which correspond to item difficulty.  Factor loadings from the CSA correspond to item discrimination parameters.  

For the multiple-group CSA analyses, each background variable was used as a grouping variable in a separate set of analyses.  Continuous background variables (education, age) were dichotomized at their median.  Dichotomous background variables (gender, ethnicity) required no modification.  For each background variable, three models were fit to the data.  In the first, all items were constrained to have equal loading in the two groups (e.g. low versus high education).  In the second, loadings of items that showed significant non-uniform DIF effects related to the background variable of interest in the logistic regression analyses were allowed to vary across groups.  In the third, thresholds were allowed to vary across groups for items that showed significant uniform DIF.  The first model included no adjustment for DIF, the second adjusted for non-uniform DIF, and the third adjusted for both uniform and non-uniform DIF.  A weighted least squares estimator with robust standard errors (Mplus WLSMV) was used, and a chi-square difference test was used to determine statistical significance of differences in fit of the more constrained and less constrained nested models (Muthén & Muthén, 2004).  Fit indices were also compared across models.  Factor (ability) scores were saved for all three models and compared by regressing the ability score from the more constrained model (first) on the ability scores from the less constrained models (second and third).  The root mean square error (RMSE) was used to evaluate the extent to which identified DIF altered estimates of participants’ abilities.

Combined effects of uniform DIF were tested in a single-group model in which items were categorical indicators of a single latent dimension.  Indirect effects of background variables on item responses were modeled by regressing the latent ability dimension on background variables.   Direct effects, corresponding to DIF, were modeled by including parameters to freely estimate covariances between individual items and background variables.  These effects indicate DIF because, when significant, they mean that item response for two individuals with the same ability differs as a direct function of the background variable.  Direct effects of the background variables on specific items were included for those items identified as having uniform DIF in the logistic regression analysis.  The WLSMV estimator was used and the chi-square difference test and fit indices were used to compare fit across nested models.  As in the analyses examining non-uniform DIF, ability scores were saved from a CSA model that included no direct effects, and were compared with ability estimates from a model including direct effects for all items with significant DIF related to any background variable.  This approach permitted assessment of overall effects of DIF from all sources on scale scores.

Table 1. Demographic characteristics by recruitment source and language of test administration. 

	Language
	Ethnicity
	Recruitment Group
	Phase
	N
	Gender  % female
	Education (years) 

mean (s.d.)
	Age

(years) mean (s.d.)
	3MS

mean (s.d.)
	DelRc

mean (s.d.)

	English
	Caucasian
	Woodland C 1,2,3
	2
	217
	43.3
	13.9 (3.5)
	72.0 (11.7)
	94.7 (  6.3)
	9.3 (3.5)

	
	
	UCD ADC Patient 1,2,3
	2
	    7
	57.1
	15.6 (2.4)
	78.0 (  5.8)
	70.9 (13.3)
	1.3 (1.7)

	
	
	Community 2,3
	3
	79
	46.8
	14.5 (3.4)
	73.6 (  8.2)
	N/A
	8.4 (3.9)

	
	
	UCD ADC Patient 3
	3
	42
	57.1
	14.8 (3.0)
	75.9 (  9.0)
	N/A
	5.2 (3.5)

	English
	Hispanic
	SALSA Full 1,2,3
	2
	149
	57.0
	11.4 (4.6)
	69.5 (  6.4)
	89.7 (  8.8)
	9.4 (2.8)

	
	
	SALSA Partial1,3
	2
	162
	53.1
	10.8 (4.1)
	70.9 (  7.2)
	82.5 (16.0)
	6.6 (3.2)

	
	
	Woodland 1,2,3
	2
	  12
	67.7
	10.2 (3.9)
	70.6 (  7.2)
	93.6 (  4.0)
	8.7 (2.5)

	
	
	Community 2,3
	3
	27
	66.7
	  9.8 (3.5)
	68.9 (  6.7)
	N/A
	7.7 (3.1)

	
	
	UCD ADC Patient 3
	3
	3
	33.3
	  10.7 (2.1)
	79.6 (  3.1)
	N/A
	1.5 (2.1)

	Spanish
	Hispanic
	SALSA Full 1,2,3
	2
	269
	60.2
	  5.0 (4.5)
	70.7 (  8.2)
	84.1 (11.9)
	8.2 (2.9)

	
	
	SALSA Partial 1,3
	2
	255
	63.1
	  4.1 (4.4)
	71.7 (11.1)
	71.0 (19.5)
	5.8 (3.0)

	
	
	Woodland 1,2,3
	2
	  31
	51.6
	  4.1 (3.5)
	69.0 (14.8)
	88.1 (  6.9)
	8.5 (3.5)

	
	
	UCD ADC Patient 1,2,3
	2
	  6
	66.7
	11.2 (4.5)
	71.9 (  6.1)
	67.2 (29.1)
	5.0 (5.1)

	
	
	UCD ADC Normal 1,2,3
	2
	  21
	57.1
	  5.0 (5.6)
	71.6 (  8.3)
	79.0 (13.1)
	7.2 (3.4)

	
	
	Community 2,3
	3
	89
	59.6
	  4.0 (3.6)
	70.3 (  7.6)
	N/A
	6.3 (3.8)

	
	
	UCD ADC 3
	3
	5
	80.0
	  6.2 (2.8)
	77.0 (  2.7)
	N/A
	3.5 (4.0)


 1 Participated in Study 1,   2 Participated in Study 2,   3 Participated in Study 3,   N/A = Not Administered

Note. 3MS = Modified Mini Mental State Exam, DelRc = Delayed recall total score from Word List Learning - I

Appendix

Description of SENAS Scale Item Content.

1. Verbal Conceptual Thinking. This scale measures capacity for abstract or conceptual thinking. The examinee is presented with six words, five belonging to a common category, and is asked to identify the outlier. Item content was primarily derived from category norms reported by Uyeda and Mandler  (Uyeda & Mandler, 1980).

2. Non-Verbal Conceptual Thinking. This scale measures capacity for abstract or conceptual thinking and has a similar format to that of Verbal Conceptual Thinking. Items include six designs, five are similar in form, follow a consistent sequence, or form a consistent pattern. The examinee is asked to identify the outlier.

3. Verbal Attention Span. This scale measures fixed attention span. Examinees repeat a string of digits read at a rate of one per second. Some items contain non-random sequences of digits, included to facilitate chunking of information and produce subtle gradients of item difficulty.

4. Visual Attention Span. This scale measures fixed attention span. The examiner points to a series of spots (of nine spots on a stimulus page) in sequence and the examinee is asked to point to the same series in the same sequence. Some items contain non-random sequences of spots.

5. Object Naming. This task assesses ability to retrieve verbal information from semantic memory store. Examinees are shown color pictures and are asked to name specific objects. Words were selected to have similar frequency of usage in the Spanish and English languages, based upon frequency norms of Eaton (Eaton, 1961).

6. Picture Association. This task assesses ability to access and utilize semantic memory of non-verbal information. Examinees are shown color pictures of stimulus objects and six to 12 potential associates, and are asked to point to the one associate that is most associated with the stimulus. Examples include seeds that go with fruits, tools and associated objects, and objects associated with household appliances.

7. Word List Learning - Version I. This task assesses ability to learn and recall verbal information. It follows a standard word list learning task format using a list of 15 common items that can be purchased at a grocery store.  The list contains words from five semantic categories  (Uyeda & Mandler, 1980) with varying numbers of exemplars. Five learning trials and a delayed recall free trial are included. Presentation is at a rate of one word per second and presentation order is fixed across trials.

8. Word List Learning - Version II. This task also assesses ability to learn and recall verbal information, but utilizes a different format. It uses a list of 15 common items (different than those used in Word List Learning - I), with five words that are exemplars of each of three categories.  Three words are presented on trial 1. The same three words plus three new words are presented on trial 2, and three additional new words are added on trials 3, 4 and 5. All 15 words are presented on trial five, and are again presented on learning trial 6. These learning trials follow standard word list learning test format with presentation at a rate of one word per second and immediate recall after presentation. Delayed free recall is tested after a distractor procedure.

9. Spatial Configuration Learning. This task assesses ability to learn and recall visual-spatial information. The primary stimulus consists of an unlabeled map containing 12 different-colored regions. Spatially contiguous regions that are different shades of the same color form clusters. The presentation format is similar to that for Word List Learning II. For learning trial 1, two of the regions are presented in color; the outlines of other 10 are shown but the regions are not colored. For trial 2, two additional regions are added to the two from trial 1, and two additional regions are added for trials 3, 4, 5, and 6. Learning trial 7 involves a second presentation of all 12 colored regions. Recall is tested using a map with no regions colored and a stimulus page with 12 ovals, each the color of one of the regions on the colored map. The examiner points to each region presented during that trial, and asks the examinee to point to the color of that region. The order of testing for item recall varies across trials. After a distractor procedure, delayed recall is tested in the same manner. 

10. Verbal Comprehension. This scale assesses ability to understand and carry out auditory-verbal commands. It uses pictures of scenes and objects as stimuli. Examinees are given commands that vary in semantic and syntactic complexity and involve pointing to objects in the stimuli.

11. Verbal Expression. This scale assesses ability to verbally express ideas and to reason verbally. Examinees are asked questions to which they must respond verbally. For each question, there are two to three specific response elements that correspond to individual items. Objective guidelines are provided to guide scoring.

12. Pattern Recognition. This scale assesses ability to discriminate black and white designs. A stimulus design is presented with six target alternatives, one that is identical to the stimulus, and the examinee must indicate which target is the same as the stimulus.

13. Spatial Localization. This scale assesses ability to accurately perceive and reproduce spatial relationships. The examinee is presented with a page with a stimulus in the top half and a target area in the bottom half. The stimulus consists of a dog burying a bone in a yard with a doghouse and tree. The target has the dog in the doghouse and the tree, and the examinee must point to where the bone is buried. The stimulus and the target are simultaneously visible so that memory is not required. The target area is divided into a grid and the region of the grid that the examinee points to is recorded to facilitate scoring. For more difficult items, the orientation of the doghouse and tree is different in the target half of the page than in the stimulus. 
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