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Abstract.
BACKGROUND: Hispanics are the largest growing ethnic minority group in the U.S. Despite significant progress in
providing norms for this population, updated normative data are essential.
OBJECTIVE: To present the methodology for a study generating normative neuropsychological test data for Spanish-
speaking adults living in the U.S. using Bayesian inference as a novel approach.
METHODS: The sample consisted of 253 healthy adults from eight U.S. regions, with individuals originating from a diverse
array of Latin American countries. To participate, individuals must have met the following criteria: were between 18 and 80
years of age, had lived in the U.S. for at least 1 year, self-identified Spanish as their dominant language, had at least one year
of formal education, were able to read and write in Spanish at the time of evaluation, scored ≥ 23 on the Mini-Mental State
Examination, <10 on the Patient Health Questionnaire–9, and <10 on the Generalized Anxiety Disorder scale. Participants
completed 12 neuropsychological tests. Reliability statistics and norms were calculated for all tests.
CONCLUSION: This is the first normative study for Spanish-speaking adults in the U.S. that uses Bayesian linear or
generalized linear regression models for generating norms in neuropsychology, implementing sociocultural measures as
possible covariates.
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1. Introduction

For many years, Hispanics have been recognized as
the largest and fastest growing ethnic minority group
in the U.S. (Pew Research Center, 2017). Projections
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indicate that Hispanics will reach almost 111 million
people, making up 28% of the total U.S. popula-
tion, by 2060 (U.S. Census Bureau, 2018). Clinical
neuropsychologists base their diagnoses in part on
the interpretation of neuropsychological test results,
so accurate and reliable neuropsychological assess-
ments are crucial. In the U.S., a growing number
of clinicians are able to provide neuropsychological
services in Spanish, but nonetheless face signifi-
cant challenges when working with Spanish-speaking
patients. One of the challenges is considering the
influence of diverse sociocultural influences (e.g.,
country of origin, bilingualism, acculturation level,
socioeconomic status) on patient performance as
these factors are known to impact neuropsycholog-
ical testing (Bialystok et al., 2012; Boone et al.,
2007; Flores et al., 2017). The second challenge is
related to the limited availability of normative data
for this population. According to Gasquoine et al.
(2021), neuropsychologists in the U.S. often attempt
to interpret results for Spanish speakers using norms
generated in the continental U.S. When not available,
they resort to norms from Latin American countries
or Spain (Rivera et al., 2019, 2021).

The majority of available norms for Spanish speak-
ers living in the U.S. were established before 2010
and focus on only a few neuropsychological mea-
sures (mostly Verbal Fluency, Mini Mental State
Examination, Clock Drawing Test), or are applica-
ble for middle-aged and older individuals (>40 years
old) residing along the Mexico/U.S. border (Cali-
fornia, Arizona, New Mexico, Florida, and Texas)
and Northern Manhattan (see Morlett et al., 2021
for a review). Previous norms also vary concerning
administration language (exclusively Spanish or both
Spanish and English).

More recently, Cherner et al. (2020) finished “The
Neuropsychological Norms for the U.S.-Mexico Bor-
der Region in Spanish (NP-NUMBRS)” project,
which provided norms for 15 neuropsychological
measures. This project focused on native Spanish
speakers from the U.S. (California/Arizona)-Mexico
border region aged 19 to 60, with a total sample of
254 healthy adults. Although not taken into consid-
eration in their normative sample, they recognized
the relevance and potential impact of sociocultural
variables on cognitive performance and accordingly
encouraged future studies to incorporate variables
such as level of bilingualism, acculturation, or age
of language acquisition.

Despite significant progress in providing norms
for U.S. neuropsychologists offering services in

Spanish, there remains a considerable gap. For exam-
ple, the norms mentioned above should be applied
with caution in Spanish-speaking populations liv-
ing in unexamined regions, such as the Northern
U.S. Moreover, very few studies have considered
sociocultural factors known to impact cognitive
performance. Finally, most available norms were gen-
erated before 2010. For example, data for some of the
most recently published norms in the NP-NUMBRS
project were collected in two cohorts (1998–2000 and
2006–2009).

There are several approaches to generate norma-
tive data for neuropsychological tests. The two most
common approaches are traditional and regression-
based (delCacho-Tena et al., 2024; Innocenti et al.,
2023; van Breukelen et al., 2005), both of which
have limitations. The traditional approach involves
dividing the sample into subgroups based on rele-
vant demographic variables such as age (in ranges),
level of education, and sex. Within each subgroup, the
mean (x̄) and standard deviation (s) are calculated.
Using these values, the z-score (zi) of a participant
can be estimated using the equation: zi = xi − x̄/s,
where xi represents the raw score. However, this
approach has certain drawbacks. One major issue
is the loss of information when dividing the sam-
ple into subgroups. For instance, splitting the sample
by sex halves the sample size, and using five age
groups further reduces the size of each subgroup to
10% of the total sample. Additionally, this method
does not provide an adequate way to select cut-off
points for creating age and education groups, making
it impossible to detect gradual changes across contin-
uous variables like age and education. As a result, it
assumes no change in scores within each subgroup,
which reduces the precision of the normative data.

The regression-based approach uses linear regres-
sion parameters βk to adjust for demographic
influences and create normative data. Examples of
this approach can be found in the Mayo Clinic’s
older Americans normative studies (MOANS; Ivnik
et al., 1992), older African Americans (MOAANS;
Lucas et al., 2005), the NEURONORMA project
(Peña-Casanova et al., 2009) and NEURONORMA
youth (Peña-Casanova et al., 2012). The procedure
involves: a) creating age groups for generating nor-
mative data and evaluating the effect of age, sex, or
education on neuropsychological scores using cor-
relation coefficients (r) and determination

(
r2

)
; b)

creating age-adjusted normative tables (SSA). For
each age-range a cumulative frequency distribution
of raw scores is generated, and these raw scores
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are assigned percentile ranks. Then, percentile ranks
are converted to scaled scores (SS, scale of 2 to
18), aiming for a distribution x̄ = 10 and s = 3 to
perform linear regressions; c) adjusting for educa-
tion by modeling it using the following equation:
SSA = β0 + β1 · Education; and d) using resulting
equations to calculate age- and education-adjusted
scaled scores SSA&E = SSA − β1 · Education. The
main issue with this methodology is the use of the age
groups for generating normative data, the assumption
of linearity in the relationship between covariates and
the studied score, as well as the lack of evaluation
of the regression model’s quality in terms of fit and
predictive capability.

Another more recent regression-based approach
uses multiple regression models and residual standard
deviation. Examples of this approach are normative
studies conducted for Spanish-speaking countries in
both adults and children/adolescents (Rivera et al.,
2019, 2021; Rodrıguez-Lorenzana et al., 2020), as
well as in other countries (van der Elst, et al., 2012;
Vicente et al., 2022). This approach allows an eval-
uation of the influence of covariates in the presence
of other covariates within the same model rather than
separately. Additionally, age and education can be
included as continuous variables, and their quadratic
effects are evaluated to identify gradual changes in
scores across age and education. This eliminates the
problem of abrupt changes seen in the traditional
method. Using this multiple linear regression method,
normative data are generated through the cumulative
distribution of standardized residuals.

In this method, the multiple linear regression
model assumes that Yi = Xiβ + εi where Yi is the
vector of responses, Xi is the design matrix (includ-
ing covariates such as age, age2, education, sex, and
interactions), β is the vector of regression parameters,
and εi is the vector of residual components assumed
to be normally distributed with mean 0 and variance
σ2

ε . One advantage of this method is that for all mul-
tiple regression models, the statistical assumptions
(multicollinearity, homoscedasticity, normality, and
the presence of influential values) can be evaluated.

Using the final regression model that is obtained
at the end of the stepwise procedure, normative data
that are adjusted for demographic variables are estab-
lished by means of a four-step procedure (Rivera et
al., 2019; van der Elst et al., 2012; van Breukelen
& Vlaeyen, 2005): a) the expected test score

(
Ŷi

)
is

computed based on the fixed-effect parameter esti-
mates of the established final regression model: Ŷi =
B̂0 + B̂1X1i + B̂2X2i + . . . + B̂kXki; b) to obtain

the residual value (ei), the model-predicted value (Ŷi)
is subtracted from the raw score on the neuropsy-
chological test (Yi), i.e., ei = Yi − Ŷi; c) using the
residual standard deviation (SDe) value provided by
the regression model, the residual is standardized:
zi = ei/SDe; and d) using the standard normal cumu-
lative distribution function, the exact percentile value
corresponding to the zi-score previously calculated
is obtained (if the model assumption of normality of
the residuals was met in the normative sample) or
via the empirical cumulative distribution function of
the standardized residuals (if the standardized resid-
uals were not normally distributed in the normative
sample).

A recent review highlighted other regression-
based methodologies for generating normative data
(delCacho-Tena et al., 2024), such as fractional
polynomial equations, which consider both linear
and nonlinear effects of demographic factors. This
method was primarily used in the NP-NUMBRS
project (Cherner et al., 2021; Marquine et al., 2021).
Its limited use may be due to the lack of information
regarding variable selection, final model selection,
and the transformations needed to convert raw scores
to other scales.

Finally, all the previously mentioned studies (using
both traditional and regression-based approaches)
rely on classical (frequentist) statistical inference.
There are few studies that employ Bayesian infer-
ence (delCacho-Tena et al., 2024), with notable
exceptions like the work of Crawford et al. (2009),
which highlight the unavoidable uncertainty over
percentile ranks. Bayesian inference offers sev-
eral advantages over the aforementioned discussed
methods, including the ability to incorporate prior
information regarding a parameter, even indicating
that no information is available (Berger, 2006), pro-
vide more intuitive probability statements, and offer
more flexible tools to model complex situations bet-
ter accounting for uncertainty and variability in the
data (Clayton et al., 2021).

Given this neuropsychology landscape for Spanish
speakers, it is evident that updated normative data for
Spanish speakers in the U.S. are essential consider-
ing that norms are most precise in the year of their
creation (Mitrushina et al., 2005). Therefore, the pur-
pose of this study was to present the methodology
to generate normative data for healthy Spanish-
speaking adults (18–80 years old) living in the U.S.
using Bayesian inference as an improved approach
to normative data estimation for neuropsychological
tests.
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Table 1
Demographic characteristics of the sample (N = 245)

Age Education Sex
Range n Mean (SD) Mean (SD) Male n (%) Female n (%)

18–25 46 21.4 (2.4) 14.5 (2.2) 19 (4.6) 27 (6.5)
26–33 36 28.7 (2.3) 16.2 (3.9) 13 (3.1) 23 (5.5)
34–41 48 37.2 (2.4) 15.9 (4.9) 17 (4.1) 31 (7.5)
42–49 36 45.6 (2.5) 15.0 (4.5) 12 (2.9) 24 (5.8)
50–57 42 53.2 (2.4) 14.5 (4.8) 18 (4.3) 24 (5.8)
58–65 24 61.4 (2.2) 14.9 (4.0) 11 (2.7) 13 (3.1)
66–80 13 71.3 (4.8) 13.8 (4.5) 6 (1.5) 7 (1.7)

2. Methods

2.1. Participants

The initial sample consisted of N = 253 Spanish-
speaking healthy adults from eight U.S. regions:
California (n = 42), Connecticut (n = 33), Florida
(n = 54), Indiana (n = 9), New Jersey (n = 27), Oregon
(n = 12), Virginia (n = 36), and Wisconsin (n = 40).
A total of n = 8 participants were excluded from
the analyses due to missing information regarding
education (n = 5), bilingual dominance (Bilingual
Dominance Scale [BDS]; n = 1), time in the U.S.,
or being over 80 years of age (n = 1), yielding a
final sample of 245 participants. The majority of the
sample were women (60.8%), with a mean age of
41.1 years (SD = 14.9; range = 18–80), and a mean
number of years of education of 15.1 (SD = 4.2;
range = 2–26). Average time lived in the U.S. was
236 months (SD = 158.4); 27.3% moved to the U.S.
during childhood/adolescence, while 61.7% during
adulthood. For measures of Spanish/ English dom-
inance, the average score on the Bidimensional
Acculturation Scale (BAS) was 3.40 (SD = 0.48), and
the average score on the BDS was 10.33 (SD = 11.8).
Additional demographic characteristics of the sample
are shown in Table 1.

In the current study, 83.9% of the sample had all
neuropsychological scores, while 8.9%, 4.0%, and
1.6% had 1, 2, and 3 incomplete scores, respec-
tively. Incomplete data are a common problem in data
analysis, however approaches in statistical theory
related to the analysis of incomplete data are available
to address this issue. In the current study Multi-
variate Imputation by Chained Equations (MICE)
system was implemented. This method is widely used
across scientific fields, such as addiction, cardio-
vascular disease, epidemiology, genetics, pediatrics
and child development, rehabilitation, and others.
MICE creates multiple imputations, rather than a
single imputation, to account for statistical uncer-

tainty. Additionally, the chained equations approach
is highly flexible and can manage variables of
different types (e.g., continuous or binary) and com-
plexities, such as bounds or survey skip patterns
(Azur, 2011). In this study, Predictive Mean Matching
MICE methodology was used with 10 iterations and
five imputations. The missing data pattern was close
to monotone, so convergence was expedited by visit-
ing the columns in increasing order of the number of
missing values.

To participate in this study, individuals met the fol-
lowing eligibility requirements: a) were between 18
to 80 years of age; b) had been living in the U.S.
for at least 1 year (12 continuous months); c) self-
identified Spanish as their “dominant language;” d)
had at least one year of formal education; e) were able
to read and write at the time of evaluation in Spanish;
f) scored ≥ 23 on the Mini-Mental State Examination
(MMSE, Folstein et al., 1975; Villaseñor-Cabrera
et al., 2010); g) scored < 10 on the Patient Health
Questionnaire–9 (PHQ-9, Kroenke et al., 2001); and
h) scored < 10 on the generalized anxiety disorder
(GAD-7; Spitzer et al., 2006).

Individuals were not eligible if any of the follow-
ing were present: a) a history of neurodevelopmental
disorder; b) a history of learning disorder; c) past
or present neurologic condition; d) past or present
chronic medical condition that may affect cognition
(i.e., metabolic syndrome, chronic heart failure, sleep
apnea); e) past or present use of psychotropic med-
ications that may affect cognition; f) past or present
history of substance abuse or dependence; or g) past
or present history of psychiatric disorder.

2.2. Measures

2.2.1. Clinical and demographic interview for
participants

A study-specific questionnaire was created to col-
lect information about participants related to health
status and clinical history. This information was
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used to identify participants who triggered the exclu-
sion criteria. During the interview, the following
information was obtained: demographic data; motor,
language, visual, and auditory problems; treatment
received by different professionals (e.g., neurolo-
gist, psychiatrist, medical rehabilitation professional,
occupational therapist, speech therapist, psycholo-
gist); psychological disorders; and pharmacological
treatment.

2.2.2. Screening test
Mini-Mental State Examination (MMSE). The

MMSE (Folstein et al., 1975) is well-known cogni-
tive screening tool widely used in neuropsychological
clinical practice (Patten & Fick, 1993). The MMSE
has many benefits, particularly its rapid application
and high sensitivity and specificity in relation to cog-
nitive dysfunctions (Villaseñor-Cabrera et al., 2010).

Patient Health Questionnaire–9 (PHQ-9). The
PHQ (Kroenke et al., 2001) is a self-administered
assessment tool used to identify the presence of var-
ious mental disorders. The PHQ-9 is a module of the
broader PHQ, used to screen specifically for the pres-
ence depression. A study of the PHQ-9 concluded
that it is a “useful clinical and research tool” and is
a “reliable and valid measure of depression severity”
(Kroenke et al., 2001). The questionnaire consists of
nine items that reflect typical symptoms of depression
and directs the respondent to indicate a response from
0–3 (“not at all” to “nearly every day”), depending on
how often they have been bothered by each problem
over the past two weeks. The responses are totaled,
and the total score ranges from 0 to 27 (Wulsin et
al., 2002), with higher scores reflecting greater lev-
els of depression symptoms [includes ranges 0–4
“None”, 5–9 “Mild depression”, 10–14 “Moderate
depression”, 15–19 “Moderately severe depression”
and 20–27 “Severe depression”].

Generalized Anxiety Disorder 7-item (GAD-
7). The GAD-7 (Spitzer et al., 2006) is a useful
self-report measure with strong criterion validity
for identifying probable cases of generalized anx-
iety disorder (GAD). Elevated scores on the scale
are strongly associated with multiple domains of
functional impairment and disability. Although many
individuals have concurrent symptoms of depres-
sion and anxiety, factor analysis confirmed that the
GAD-7 can accurately identify distinct dimensions
for both GAD and depression (Spitzer et al., 2006).
Individuals are asked to select the frequency of anx-
iety symptoms over a span of two weeks. Items are
scored from 0 to 3 (0 “Not at all”, 1 “Several days”,

2 “More than half the days”, 3 “Nearly every day”),
for a total score ranging from 0 to 21. Higher scores
reflect greater symptom severity [0–4 “=Minimal”,
5–9 “Mild”, 10–14 “Moderate” and 5–21 “Severe”].
A score of 10 or greater on the GAD-7 is suggested
by the scale developers as a reasonable cut point for
identifying probable cases of GAD (Spitzer et al.,
2006).

2.2.3. Acculturation and Bilingual Dominance
measures

Bidimensional Acculturation Scale (BAS). The
BAS (Marin & Gamba, 1996) is a 24-item measure of
an individual’s level of acculturation to Hispanic cul-
ture and to non-Hispanic culture (12 items for each
subcultural domain). Items included load onto three
distinct domains: language use (three items), linguis-
tic proficiency (six items), and electronic media use
(3 items). Scores for each subcultural domain are
obtained by calculating the average responses of the
12 items assigned to that specific culture. The average
derived scores for subdomains can range from 1 to 4.
Acculturation scores below 2.5 indicate low accul-
turation for that domain. Scores above 2.5 in both
domains can be interpreted as biculturalism. Unlike
other acculturation scales, the BAS provides a con-
tinuum score for acculturation in both the dominant
and non-dominant culture.

Bilingual Dominance Scale (BDS). The BDS
(Dunn & Tree, 2009) is a 12-item self-report mea-
sure of the language dominance. Items reflect percent
of language use in both English and Spanish, age of
second language acquisition, age at which comfort
was attained in both languages, and restructuring of
language fluency due to changes in linguistic envi-
ronments. Continuous scale scores are derived by
applying a weighted point system to behavior in each
language, providing separate dominance scores for
both first and second languages. A composite score
is created by subtracting one language use score from
the other. A score close to zero indicates equally
strong language dominance. Negative scores suggest
primary English dominance.

2.2.4. Neuropsychological tests
Participants who met the inclusion criteria were

administered the following neuropsychological tests:

1. Phonological and Semantic Verbal Fluency
Tests

2. Boston Naming Test (BNT) (Goodglass et al.,
2005)
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3. Symbol Digit Modalities Test (SDMT) (Smith,
1982)

4. Brief Test of Attention (BTA) (Schretlen, 1997)
5. World Health Organization-University of Cal-

ifornia Los Angeles Auditory Verbal Learning
Test (AVLT) (Maj et al., 1993)

6. Rey-Osterrieth Complex Figure Test (ROCF)
(Rey, 2009)

7. Modified Wisconsin Card Sorting Test (M-
WCST) (Schretlen, 2010)

8. Stroop Color and Word Test (Golden, 2002)
9. Trail Making Test (TMT) (Reitan & Wolfson,

1985)
10. Word Accentuation Test (WAT-C) (Kreuger et

al., 2006)
11. Clock Drawing Test (CDT) (Strauss et al., 2006)
12. Bells Test (Gauthier et al., 1989)

2.2.5. Procedure
Ten institutions collaborated on this study and

were responsible for collecting data. Each institution
had their own institutional review board oversee the
ethical conduct of the study at their site. Only de-
identified data were deposited in a centralized and
secure database. All site-PIs and research assistants
who collected data underwent a formal and structured
online training and qualification check for adminis-
tration of the neuropsychological instruments used in
the study. Each subject was paid $25 U.S. as compen-
sation for their participation.

2.3. Statistical analyses

2.3.1. Bayesian approach
For the present study, Bayesian inference was used.

Bayesian inference offers an alternative to the clas-
sical approach by treating parameters as random
variables with probability distributions, rather than
fixed but unknown quantities. The goal is to compute
the posterior distribution of the parameters given the
observed data [P (θ|D)], using Bayes’ theorem:

P (θ|D) = P (D|θ) P (θ)

P (D)
.

Where, P (D|θ) is the likelihood of the data given
the parameters, P (θ) is the prior distribution for the
unknown parameters, and P (D) is the marginal like-
lihood for the data. The marginal likelihood is often
difficult to compute, so Bayes’ theorem is usually
simplified to:

P (θ|D) ∝ P (D|θ) P (θ) .

This means the posterior distribution can be deter-
mined by adjusting the product of the likelihood and
the prior and using numerical or simulation strategies
(Gómez-Rubio, 2021; Kruschke, 2015).

2.3.2. Variable selection
A Bayesian approach was also adopted to

determine which variables should be included as
predictors. In this scenario, the different regression
models are considered as the unknown parameters.
A prior probability is then given to each of the mod-
els and combined with the information from the
data. This combination is summarized in a posterior
probability for each model. In this variable selection
procedure, the number of models, or, equivalently, the
number of possible combinations of variables, is 2p

where p refers to the number of covariates. After the
posterior probabilities for each model are obtained,
researchers can develop a better idea of which models
are more strongly related to the output (Li & Clyde,
2018). As an example, imagine we have 2 variables
(x1, x2) to include in a linear predictor η. With these
two variables, we can form a total of 22 = 4 different
models with linear predictors:

M1: η = β0
M2: η = β0 + β1x1
M3: η = β0 + β2x2
M4: η = β0 + β1x1 + β2x2

Starting from a prior probability for each of
these models P (Mi) for i = 1, 2, 3, 4, and using the
Bayes theorem, we can give a posterior probability
P (Mi|D) for each model given data D. In the current
study, there were 29 variables (including interac-
tions), meaning the comparison of 229 models.

However, the posterior probability of a single
model is not always the best summary, especially
when the number of models is large, as the prob-
abilities may be very low. Instead, researchers can
use posterior inclusion probabilities (PIPs) for each
variable. These PIPs are obtained by summing the
probabilities of all the models that contain a given
variable. For instance, in the example above, the PIP
for x1 is obtained as the sum of the posterior proba-
bility of models M2 and M3, such that:

P (x1 ∈ MT |D) = P (M2|D) + P (M3|D) .

For this study, once the PIPs for each variable (xi)
were obtained, an elbow plot (x-axis=each covariate,
y-axis=PIP values) was created to examine substan-
tial changes in PIPs. Variables with PIPs greater than



D. Rivera et al. / Methodology for the Generation of Normative Data for the U.S. Adult Spanish-Speaking Population 161

.5 were selected for the regression model for each
neuropsychological score. For a better understand-
ing on how to perform Bayesian variable selection
we recommend reading Bayarri et al. (2012).

2.3.3. The effects of demographic variables
The effects of demographic variables on scores

were evaluated by means of linear (LM) or gener-
alized linear models (GLM). For each score, separate
regression models were fitted to establish score-
specific normative data. The full regression models
included as predictors: age, age2, education (log
transformed), sex, time living in U.S., BAS, BDS, and
all two-way interactions between these variables. Age
was centered (age in years – X̄Age) before comput-
ing quadratic age to reduce multicollinearity (Kutner
et al., 2005). The natural logarithm (ln) of education
was examined assuming that scores do not increase
linearly as a function of education; instead, each one-
point increase in education resulted in a slower rate
of increase in neuropsychological scores.

2.3.4. Probabilistic distributions
To implement the LM or GLM regression, dif-

ferent probability distributions were used depending
on the type of neuropsychology test scores being
studied. Therefore, for this study, regressions were
implemented based on the following probabilistic
distributions:

Binomial distribution. It is a discrete probability
distribution that describes the number of successes in
a fixed number of independent Bernoulli trials, where
each trial can be classified as success or failure. This
is Yi ∼ Bin (mi, πi), where mi is the total number of
trials and πi is the probability of success on each trial
for each individual i. BNT and BTA scores were mod-
eled using a Binomial regression, and the probability
can be expressed as follows:

logit (πi) = log

(
πi

1 − πi

)

= β0 + β1X
(1)
i + . . . + βpX

(p)
i .

Poisson distribution. The distribution most often
used for modeling counts is the Poisson distribution
Yi ∼ Po (μi), where μi > 0 are the expected counts
for individual i and it can be expressed as follows:

log (μi) = β0 + β1X
(1)
i + . . . + βpX

(p)
i ,

or, equivalently

μi = eβ0 · eβ1X
(1)
i · . . . · eβpX

(p)
i .

Verbal fluency, Stroop test and SDMT scores were
modeled using Poisson regression.

Beta distribution. This is a continuous probabil-
ity distribution defined on the interval [0, 1], and it is
commonly used to model random variables represent-
ing proportions or probabilities. A Beta distribution
was assumed Yi ∼ B (μi, φi) for ROCFT immediate
recall, delayed recall and WHO-UCLA AVLT test
scores. These scores were scaled by dividing the par-
ticipant’s score by the maximum possible score for
each test, resulting in proportional scores, and it can
be expressed as follows:

logit (μi) = β0 + β1X
(1)
i + . . . + βpX

(p)
i .

Gamma distribution. This is a continuous prob-
ability distribution when the variable of interest
follows a skewed, positive distribution (i.e., asym-
metric time). In this study, the TMT time scores
were assumed following Yi ∼ Ga (αi, βi), where the
expected value is μi = αi

βi
and can be expressed as

follows:

log (μi) = β0 + β1X
(1)
i + . . . + βpX

(p)
i .

A particular case of the Gamma distribution is the
exponential distribution, where αi = 1 for all obser-
vations. This is a continuous probability distribution
that has a memoryless property, meaning that the
probability of an event occurring in the next inter-
val is independent of how much time has already
elapsed. It is characterized by a single parameter,
Yi ∼ Ex (λi), where λi represents the rate at which
events occur and the expected time to an event is
μi = 1/λi. ROCFT copy, the free-drawing and copy
conditions of CDT, as well as Bells test scores were
scaled using the calculation: [(maximum test score
- participant score)/ maximum test score], and were
modeled using Exponential regression.

2.3.5. Priors distributions
Once the probability distribution for each test score

was identified, Bayesian regression models were con-
ducted, where prior distributions for each of the
unknown parameters (β0, β1, . . . βp) followed a nor-
mal distribution centered at 0, with large variance
(i.e., σ2 = 104 and τ =10–3) for Beta, Binomial,
Gamma, and Poisson models. For the Exponential
model, a Gamma distribution was used centered at
10–3 with large variance (σ2 = 104). Vague or non-
informative prior distributions were assigned to the
models. The Bayesian inference procedure was per-
formed using Markov Chain Monte Carlo methods
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through the software JAGS (Just Another Gibbs Sam-
pler) and its R interface rjags (Plummer, 2022). For
the convergence of three chains for each parameter,
a burning period was used. A total of 3,000 samples
of each posterior distribution was left.

R 4.4.0 for Linux (R Development Core Team,
2024) was used to perform the analyses, and the mice
package (Buuren & Groothuis-Oudshoorn, 2011)
was used to conduct the MICE analysis. See sup-
plemental material for illustration of the script of
implementing the Bayesian generalized linear model
(BGLM) for the generation of normative data in neu-
ropsychological tests.

2.3.6. Normative procedure
The norms (i.e., a percentile score) for the neu-

ropsychological test scores were established using
a four-step procedure: a) The expected test score
(μ̂i) was computed based on the parameter estimates
from the established regression model

(
β̂p

)
accord-

ing to the probability distribution. b) The probability
based on the Beta, Binomial, Gamma, Exponential
and Poisson Cumulative Distribution Function were
estimated for each of the 3,000 sample parameters.
c) A mean probability was calculated. Finally, d) this
probability was multiplied by 100 to interpret it as a
percentile.

2.3.7. User-friendly normative data
To facilitate the understanding of the procedure to

obtain the percentile associated with a given score on
a neuropsychological test, an example will be given.
Suppose you need to find the probability for a woman,
who is 50 years old and has 15 years of education.
She obtained a BDS score of 10 and a score of 9 on
the /r/ phoneme.

Since the method explained above is complex and
can be prone to human error due to the number of
required computations, an online calculator based
on https://www.rstudio.com/products/shiny/ was cre-
ated. This will facilitate probability calculation as
clinicians only need to enter basic patient information
into the calculator (i.e., raw score for the specific test,
age, education, and so on). This tool is available for all
users at https://github.com/diegoriveraps/calculators.
Using the calculator and introducing the information
requested for the example above, this woman would
obtain a mean probability score of .213, that is, at the
21.3th percentile (see Supplementary Material - point
4).

3. Discussion

The purpose of this article was to describe the
methodology and procedures utilized to generate
normative data for 12 neuropsychological tests for
healthy Spanish-speaking adults (18–80 years old)
living in the U.S. using Bayesian GLMs as a novel
approach. The final sample size was comprised of
245 participants from eight U.S. states (California,
Connecticut, Florida, Indiana, New Jersey, Oregon,
Virginia, and Wisconsin) who immigrated or had
ancestry from 17 different Latin American coun-
tries of origin (Argentina, Bolivia, Chile, Colombia,
Cuba, Dominican Republic, Ecuador, El Salvador,
Guatemala, Honduras, Mexico, Nicaragua, Panama,
Peru, Puerto Rico, Uruguay, and Venezuela).

This study fills numerous gaps in the research to
date, generating normative neuropsychological data
for Spanish speakers living in the U.S. This study con-
siders the impact of sociocultural factors including
level of acculturation to Hispanic culture, bilingual
language dominance, and time living in the U.S.,
in addition to the traditional sociodemographic vari-
ables such as age, education level, and sex (delCacho
et al., 2024). Additionally, for the first time in neu-
ropsychological normative data estimation, this study
used probabilistic distributions other than the limited
normal distribution (Poisson, Binomial, Exponential
and Gamma), as well as Bayesian inference, to gen-
erate the most accurate neuropsychological norms
possible.

Bayes’ theorem offers a robust methodology for
statistical inference, enabling the incorporation of
prior information and combining it with data to
control uncertainty. Even without prior information,
non-informative priors can be used to make neu-
tral inferences (Berger, 2006). Results are presented
as posterior probability distributions, overcoming
the difficulties in interpreting p-values and confi-
dence intervals (Trafimow & Marks, 2015). A key
advantage of the Bayesian approach is the intuitive
interpretation of results through direct probabilities.
For example, it allows statements like, “a 95% prob-
ability that a parameter lies within a specific range,”
which is more intuitive than frequentist confidence
intervals (Kruschke, 2010).

Additionally, Bayesian methods provide flexibility
and ensure convergence even as model complex-
ity increases, where frequentist methods may fail.
This is particularly useful in hierarchical modeling,
capturing complex dependencies and variations at
different levels (Ntzoufras, 2008; Sacchi & Swal-

https://www.rstudio.com/products/shiny/
https://github.com/diegoriveraps/calculators
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low, 2021). The main criticism of using priors in
Bayesian analysis is their subjectivity and influ-
ence on results. However, this can be mitigated by
using non-informative priors, sensitivity analysis, and
standardized priors (Berger, 2006; Congdon, 2006;
Gelman et al., 2013). A good review of the advan-
tages and performance of this methodology can be
found in Steel (2020).

One key difference of this study compared to
other normative data studies is the approach to
selection of variables. The goal of variable selec-
tion is to identify a single ‘best’ model (Forte et
al., 2018; James et al., 2021). The most common
statistical methods used in neuropsychological nor-
mative data for this propose are linear regressions
(49.5%), correlation and/or covariance coefficients
(30.1%), analysis of variance (ANOVA), multivari-
ate analysis of variance (MANOVA), analysis of
covariance (ANCOVA; 22.1%), Student’s t and/or
Mann–Whitney U (13.3%), and Chi-square (2.2%)
(delCacho et al., 2024). However, while bivari-
ate methods (i.e., Pearson’s, Spearman’s, bivariate
correlation) are simple and useful for initial data
exploration, they are inadequate for variable selection
in a multivariate analysis. This is due to their inabil-
ity to capture complex interactions, as they analyze
each variable in isolation concerning the outcome (y).
A variable might not show a strong correlation with
the outcome on its own, but can be very informa-
tive when considered alongside other variables. In
other words, bivariate methods do not evaluate how
a variable contributes to the model when all other
variables are considered, where the importance of
a variable may change with the inclusion or exclu-
sion of other variables in the model (James et al.,
2021).

In terms of linear regression models, methods
such as forward selection, backward elimination,
and stepwise selection are commonly used. These
methods are useful because they offer a balance
between thoroughness and computational efficiency,
but their sequential nature can lead to suboptimal
solutions that may not consider all possible interac-
tions. Therefore, it is important to combine them with
cross-validation and complement them with more
robust methods like regularization techniques (e.g.,
LASSO, Ridge; James et al., 2021; Miller, 2002).

Although it has a higher computational cost, this
study used the 2pvariable selection methodology,
which is an exhaustive approach that considers all
possible combinations of p variables to determine
the best-fitting set of variables for a model. This

methodology compares the performance of all gen-
erated models and selects the one that optimizes
the chosen evaluation criterion. In this study, a pri-
mary model consisting of 29 covariates (including
two-level interactions) was proposed, resulting in a
total of 2p models, or 536,870,912 models for each
neuropsychological test score studied, to select the
variables that should be considered in the creation
of normative data. Unlike forward and backward
selection, the 2p methodology evaluates all possible
combinations of variables, ensuring that no poten-
tially relevant interactions are omitted. This can be
particularly important in cases where there are com-
plex interactions between variables that are not easily
detected with sequential methods, as is the case when
there are varied demographic and cultural factors that
may impact test performance.

Finally, according to delCacho et al. (2024), nor-
mative data studies in neuropsychology tend to rely
on regression-based linear models, regardless of the
nature of the outcome variable, leading to failure to
meet required statistical assumptions. A review of
GLM methodology by Innonceti et al. (2023) high-
lights that 52% of models do not satisfy normality or it
is not reported, and 66% do not satisfy homoscedas-
ticity or it is not reported. This failure can be due
to various reasons, but the most common is that
the probabilistic model used in the regression is not
appropriate, for example, using models with an inap-
propriate normal distribution.

Currently, GLMs offer significant advantages over
traditional linear models for discrete (count) and
time variables. Their flexibility to handle different
error distributions, model non-constant variance, and
provide interpretations consistent with the nature
of the data make them a tool increasingly used in
applied statistics. Additionally, as in the current study,
Bayesian GLMs offer further advantages over tradi-
tional GLMs (Dey et al., 2000). These advantages
include the ability to incorporate prior information,
better estimation of uncertainty, greater flexibility in
modeling, and more robust methods for model evalu-
ation and comparison. These features make Bayesian
GLM a versatile tool for data analysis in a wide range
of scientific fields.

3.1. Limitations

One limitation of this study is that the use of
Bayesian inference remains a novel aspect within the
field of neuropsychology and entails high compu-
tational cost. Although the quadratic effect of age
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Fig. 1. Flowchart of the methodology.

and the natural logarithm of education level were
evaluated, the lack of previous studies prevented the
assessment of other mathematical functions in other
covariates, such as BDS and BAS scores. Conse-
quently, assumptions of linear relationships with the
neuropsychology test scores were used. Addition-
ally, the quality of education of participants was not
evaluated, which is a significant limitation given that
participants came from different countries where the
quality of education can vary dramatically. To esti-
mate percentiles for a new participant, the process can
be complex if it is computed manually. This limitation
is addressed by having created a calculator that esti-
mates the percentile for participants. Furthermore,
as the estimation is based on probabilistic distribu-
tions, the normative data will be expressed in terms
of percentiles.

4. Conclusion

Prior to the current study, tools available to neu-
ropsychologists evaluating the cognitive performance
predominantly Spanish-speaking adults covered a
limited scope of cognitive abilities when compared to
neuropsychological measures available for assessing
English-speaking adults. This study, however, gen-
erated new normative neuropsychological data for
Spanish-speaking adults living in the U.S. for many
of the most commonly employed neuropsychologi-
cal tests and therefore has the potential to improve
the practice of neuropsychological assessment in the
U.S. for this group. Further, for the first time in the
known neuropsychological research literature, this
study deployed modern statistical methods including
the use of alternative score distributions and Bayesian
prior probabilities to develop the most comprehen-

sive and accurate prediction models. As a result, this
study represents an advance not only in clinical but
research methodology that future normative studies
may consider emulating.

The current study has the potential to help reduce
healthcare disparities in U.S. Hispanic populations
via improvement in the accuracy of test results which
has direct implications for diagnosis and treatment
of neurological conditions. For all these reasons, the
current study helps fill a large the gap in the research
literature and in the standard of care for the neuropsy-
chological assessment of Spanish-Speakers living in
the U.S.
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Rivera Mindt, M., Suárez, P., Yassai-Gonzalez, D., Kamalyan,
L., Scott, T., Heaton, A., Diaz-Santos, M., Gooding, A.,
Artiola i Fortuny, L., & Heaton, R. K. (2021). Neuropsy-
chological Norms for the U.S.-Mexico Border Region in
Spanish (NP-NUMBRS) Project: Methodology and sample
characteristics. The Clinical Neuropsychologist, 35(2), 253-
268. https://doi.org/10.1080/13854046.2019.1709661

Clayton, G. L., Elliott, D., Higgins, J. P. T., & Jones, H. E. (2021).
Use of external evidence for design and Bayesian analysis of
clinical trials: A qualitative study of trialists’ views. Trials,
22(1), Article 1. https://doi.org/10.1186/s13063-021-05759-8

Congdon, P. (2006). Bayesian statistical modelling. John Wiley &
Sons. https://doi.org/10.1002/9780470035948

Crawford, J. R., Garthwaite, P. H., & Slick, D. J. (2009).
On percentile norms in neuropsychology: Proposed report-
ing standards and methods for quantifying the uncertainty
over the percentile ranks of test scores. The Clinical Neu-
ropsychologist, 23(7), 1173-1195. https://doi.org/10.1080/138
54040902795018

delCacho-Tena, A., Christ, B. R., Arango-Lasprilla, J. C., Perrin,
P. B., Rivera, D., & Olabarrieta-Landa, L. (2024). Normative

Data Estimation in Neuropsychological Tests: A Systematic
Review. Archives of Clinical Neuropsychology, 39(3), 383-
398. https://doi.org/10.1093/arclin/acad084

Dey, D. K., Ghosh, S. K., & Mallick, B. K. (Eds.). (2000). Dynamic
Generalized Linear Models. In Generalized Linear Models.
CRC Press.

Dunn, A. L., & Tree, J. E. F. (2009). A quick, gradient bilin-
gual dominance scale. Bilingualism: Language and Cognition,
12(3), 273-289.

Flores, I., Casaletto, K. B., Marquine, M. J., Umlauf, A., Moore,
D. J., Mungas, D., Gershon, R. C., Beaumont, J. L. & Heaton,
R. K. (2017). Performance of Hispanics and Non-Hispanic
Whites on the NIH Toolbox Cognition Battery: The roles of
ethnicity and language backgrounds. Clinical Neuropsycholo-
gist, 31(4), 783-797.

Folstein, M. F., Folstein, S. E., & McHugh, P. R. (1975). “Mini-
mental state”:Apractical method for grading the cognitive state
of patients for the clinician. Journal of Psychiatric Research,
12(3), 189-198.

Forte, A., Garcia-Donato, G., & Steel, M. (2018). Meth-
ods and Tools for Bayesian Variable Selection and Model
Averaging in Normal Linear Regression. International Sta-
tistical Review, 86(2), 237-258. https://doi.org/10.1111/insr.
12249

Gasquoine, P. G., Weimer, A. A., Estevis, E., & Perez, E. (2021).
Survey of Spanish language neuropsychological test use in
the assessment of Hispanic Americans/Latino/as/x. Archives
of Clinical Neuropsychology, 36(7), 1350-1360.

Gauthier, L., Dehaut, F., & Joanette, Y. (1989). The bells test: a
quantitative and qualitative test for visual neglect. International
Journal of Clinical Neuropsychology, 11(2), 49–54..

Gelman, A., Carlin, J. B., Stern, H. S., Dunson, D. B., Vehtari, A.,
& Rubin, D. B. (2013). Bayesian data analysis. CRC press

Golden, C. J., & Freshwater, S. M. (2002). Stroop Color and Word
Test: Revised examiner’s manual. Wood Dale, IL: Stoelting
Co.
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