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Abstract

Examining Effect of Age, Education, and Race on the Montreal Cognitive Assessment and the
Mini-Mental State Exam
By Brandon Schneider

Introduction: The Mini-Mental State Exam (MMSE) has begun to be replaced by

the Montreal Cognitive Assessment (MoCA) to detect the presence of cognitive
impairment. As such, there have been multiple attempts to equate the two tests, usually
using equipercentile weighting. This method does not adequately control for confounding
variables such as race, education, and age. Therefore, we used regression methods to
control for these potential confounding variables.

Methods: We used a set of quantile regression models to evaluate potential nonlinear
effects between each of the tests and our three variables of interest: age, education, and
race. If there was no nonlinear effect present, then we used parametric methods to equate
MoCA and MMSE. First, we proposed a linear model with splines to control for potential
ceiling effects in the MMSE. This model does not restrict the predictions to be within
scientific boundaries. If there were a large number of scientifically absurd predictions we
used a non-linear link function.

Results: There were 927 subjects, split into training (n=648) and validation (n=279)
datasets. Our population was largely white and highly educated. The quantile regression
showed different effects at the tails, with larger effect sizes for the MoCA. However,
these estimates were not determined to be different from the OLS (SPELL

OUT) estimates, so parametric regression was adequate for equating the two tests. Linear
Regression produced significant effects for age and race, as well as the two splines.
Education was not significant at any level. Predictions resulted in only one

scientifically implausible value, and the majority of predictions were within 2 points of
the true values.

Discussion: We conclude that there is no substantial nonlinear effect as determined by the
quantile regression, and parametric assumptions should be adequate. In addition, race and
age are two previously uncontrolled for confounders that are significant. Limitations
include low diversity of the subject population, no restrictions on validity of the
predictions, and insufficient controlling for socioeconomic status and cerebrovascular
disease.
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Introduction

The Montreal Cognitive Assessment (MoCA)! and the Mini-Mental State Exam
(MMSE)? are two screening tools that are commonly used to differentiate between
normal cognitive aging and cognitive impairment. Since the 1970s, the MMSE has been
the clinical standard; however, this test is being phased out due to low sensitivity in
detecting cases of mild cognitive impairment (MCI), a state between normal cognitive
aging and dementia, and a fee that must be paid by clinicians if they use it.! On the other
hand, the MoCA was designed to have better sensitivity in detecting MCI, and it is also
free.

As a result, the National Alzheimer’s Coordinating Center (NACC) recommended
that the MMSE be replaced by the MoCA in their Uniform Data Set (UDS). The UDS
consists of a large number of patients with information such as their demographics, health
history, clinical diagnosis, and a number of different cognitive test results. One of the
tests originally reported was the MMSE. In 2008, a clinical task force recommended
replacing the MMSE with the MoCA. As a result, the new UDS contains information
from both tests.

The MoCA and the MMSE tests had to be harmonized for data analyses that use
the dataset over multiple years. Statisticians were tasked with finding a method to equate
scores from the MoCA with scores from the MMSE. The results from this method are
described in Monsell et al.® The Monsell study recruited 935 patients who were given
both tests, and used a method called equipercentile weighting with log linear smoothing.®
Equipercentile weighting consists of matching the scores using the standardized quantiles

of each test, thereby creating a crosswalk between the MoCA and the MMSE. This study



was repeated a number of times in different populations and different diseases, all using
the equipercentile weighting method.*’

The problem with the above method, however, is that there is no adequate method
of controlling for potentially important confounders such as race, age and education. One
effective manner to properly control for more than one potential confounder is to use
regression methods. Others papers, such as Wong et al., have proposed regression
methods to control for age and education.® However, these papers have not evaluated
their parametric assumptions, and have not included an evaluation of the race variable.

This paper proposes a set of regression methods that will evaluate the parametric
assumptions of the model, and control for important confounders. We will use the same
dataset as the Monsell study and compare our results against theirs. Our goals are
twofold. First, we will use quantile regression on each of the two tests with race,
education and age covariates to evaluate parametric assumptions. If the parametric
assumptions hold, we will use a parametric linear regression to equate the two scores.
However, if we find that our assumptions are broken, we propose a non-parametric
method for the equating. Either way, we will compare the accuracy of our predicted
MoCA scores against the accuracy of the Monsell crosswalk, using a validation dataset.
This will show the effect of controlling for these covariates on the accuracy of the

crosswalk.

Background



The Mini-Mental State Exam was first proposed in a paper by Folstein, Folstein,
and McHugh in 1974.2 It was designed to provide a brief (5-10 minute) test to evaluate
the cognitive aspects of mental functions. It consists of two sections: one focuses on
orientation, memory, and attention with a possible total of 21 points, while the other
focuses on following commands both verbal and written with a total score of 9 points.
Folstein, Folstein, and McHugh found a clear decreasing trend in the average scores in
degrees of severity, with normal patients scoring 27.6 points on average, and patients
with dementia scoring 9.7 points on average. The MMSE was also found to have a
strong correlation to similar tests from that period.? Thus, the test provides a short,
relatively accurate diagnostic tool to evaluate cognitive impairment.

The Montreal Cognitive Assessment was developed to provide clinicians with a
method to detect Mild Cognitive Impairment, a condition between normal aging and
dementia, an area of cognitive difficulty where the MMSE has low sensitivity. The
MoCA includes items examining orientation, memory, executive functioning, attention,
language, and visuospatial abilities. Similar to the MMSE, scores range from 0-30
points, with higher scores denoting better performance. Nasreddine et al. proposed this
test in 2005, and performed a validation study to access the sensitivity and specificity of
the MoCA in MCI and mild Alzheimer’s patients as compared to the MMSE.! The study
consisted of three groups: MCI, Alzheimer’s disease (AD), and healthy controls. The
authors found a significant effect for education, so they added a single point to the score
if the patient had12 years or less of education. Sensitivity scores were higher in the
MoCA than the MMSE for both the MCI and AD groups (90% and 100% respectively).

In contrast, the MMSE had sensitivity of 18% and 78% for MCI and AD respectively.



Specificity was lower in the MoCA than the MMSE, with 87% as compared to the 100%
identification of the controls with the MMSE. ! It is important to note, however, that the
majority of patients who were controls and had AD were correctly identified with both
tests. However, three quarters of patients with MCI scored normally on the MMSE and
abnormally on the MoCA. The authors concluded that the MoCA may be more powerful
in the mild stages of cognitive impairment, while the MMSE is more powerful in the
severe stages. This difference may be due to the more rigorous nature of the memory,
executive functions, higher level language, and visuospatial processing assessed with the
MoCA.

The most significant problem that has been found with the MMSE is low
sensitivity due to ceiling effects in patients with mild cognitive impairment. A ceiling
effect occurs when there is some factor that increases the score of a test. In this case, it
has been shown the MMSE has poor sensitivity in detecting MCI due to a ceiling
effect.>® In other words, the MMSE incorrectly classifies MCI individuals as cognitively
normal.. The MoCA reduces this effect. Trzepacz et al. performed a study to compare the
score ranges of the two tests. They found the MOCA had a far broader range of scores for
MCI than the MMSE. This shows a reduced ceiling, because the MMSE had a similar
range between normal and abnormal Functional Activities Questionnaires, a tool that can
be used to differentiate between MCI and demented status, and the MOCA had vastly

different ranges.®

Literature Review




To equate the two scores, Monsell et al. proposed using equipercentile equating
methods to match the scores based on quantiles. The authors used a study design that is
fairly common throughout the literature. A group of patients is recruited with mild to
moderate dementia and cognitive impairment symptoms. Then they are given the tests in
a random order with an intermediary period depending on the test. Monsell uses a fairly
specific population here that is designed to reflect a predetermined distribution of the
scores, with more subjects scoring between 15 and 25 than those above and below.® Other
studies have suggested using more generalized populations, but most use similarly
specific populations as Monsell has done.”°

Once the data is collected, the first step of the statistical analysis is to determine
correlation. The method begins with determining the correlation between each of the two
tests. Monsell argues for using a conservative approach for the cutoff for correlation of
0.6. Using this approach, they found a spearman correlation of 0.76 between the MMSE
and the education adjusted MoCA, suggesting that it is appropriate for equating.®
Similarly, a study equating the short MoCA and the MMSE found a higher correlation of
0.82.% In contrast, another study in a more general population used a different method of
agreement called the concordance correlation coefficient, which only found a correlation
of 0.57.7 There is some evidence that the correlation may change depending on the
disease state. For example, in the Tzepac et al paper, high correlations were found for all
subjects and the AD and dementia subjects (0.84 and 0.86 respectively), and lower
correlations were found in the healthy aging group and the MCI group (0.6 and 0.43
respectively).® This finding is consistent with the finding of the MoCA being able to

better differentiate between MCI and healthy cognitive aging, however. Overall, there is



strong evidence for medium to high correlation between the two tests, making equating
valid.

Monsell et al suggest using equipercentile weighting with log linear smoothing to
equate the two scores of highly correlated tests, including the education adjusted MoCA
and the MMSE.3 Their study also used a validation subset to determine how far off their
predictions were. Only 33% of the predictions for the MOCA were exactly the same as
reported, while 61 and 83% were within one or two points.® Generally, higher scores on
the MMSE were equated to lower scores on the MoCA which is consistent with findings
that the MoCA is more sensitive to mild cognitive impairment than the MMSE. A few
observations that were more than 5 points off were found (4%), and they were mostly
found in the lower scores. This is not an unsubstantial number, and the authors mention
imputation needs to be improved.

However, there are a few problems with this method. The only method of
controlling for confounders such as education and age involves reducing the scores by a
specified amount, creating a confounder adjusted score. For example, the education
adjusted MoCA score increases the score by one point if the patient has <=12 years of
education. The issue with this is that both the 12 years of education and the one-point
reduction are fairly arbitrary. Instead, it may be better to perform a regression analysis to
control for confounders in a more dynamic manner.

Wong et al. used Poisson regression to compare the MMSE and MoCA in stroke
patients.®2 While it is a different disease of interest, it is one of the only papers to perform
equating with regression techniques. The study compared equipercentile weighting with

log linear smoothing against a Poisson regression controlling for education and age. The



regression model performed well, with 44.5% of the patients one point away from the
true value, and 63.2% within two points. In contrast, the equipercentile method produced
39.1% and 60.9% for one and two points away respectively.® Thus, in this dataset, the
regression method controlling for the two confounders performed better than the
equipercentile weighting method.

There are issues with the Wong study, however. Poisson regression may not be
appropriate for predicting a test that is only on a scale of 0 to 30. The vast majority of the
patients are considered normal, so their scores are above 26 points, skewing the
distribution.® The paper does not provide regression diagnostics so it is difficult to tell
whether or not their model fits the assumptions of the Poisson regression. A continuous
model may be more appropriate. This paper suggests that controlling for age and
education is appropriate and may produce better predictions.

In addition to potential errors in the model assumptions, Wong did not control for
race as a potential confounder. The research regarding this variable is sparse. Rossetti et
al studied a population of community dwelling African Americans, and recorded their
MoCA scores. On average, the patients scored a 22.01 which is much lower than the
suggested 26 cutoff from the MoCA. Even after adjusting for education, the study still
found the mean to be lower.'® However, there was another study performed to validate
the equating in a more diverse population. Falkowski et al studied 185 patients and gave
them both tests, and used the crosswalk provided by Roalf et al® to derive predicted
scores. They found they all had high intra class correlations across racial groups.t! Thus,

it is unclear whether or not race will have a significant effect, and it is worth studying.



Methods

Study Population and Design:

As stated previously, the dataset was collected from a group of patients at the
ADCs who were given a multitude of different tests including the MOCA and the
MMSE. The dataset consists of both new and returning patients. Ideally, the study would
have only consisted of new patients; however, due to time constraints, both tests were
given to both new and returning patients.? For this analysis we are only interested in the
study visits during which the Crosswalk study was completed for the first time. If the
returning patients have more than one visit, the extra visits will be ignored. Patient
recruitment was stratified to ensure the majority of patients were either MCI or mildly
demented, with ADCs being instructed to recruit the majority of patients with MMSE
scores between 16 and 26 points. No scores below 10 points were included due to the
difficulty of administering the tests at that severity of cognitive impairment.® Each patient
received the tests in a random order to ensure no learning effect was present. The authors
found that this randomization was successful. More details can be found in Monsell et al.

Statistical Analyses:

The main statistical questions of interests are as follows: (1) Are education, age,
and race associated with MOCA and MMSE in a nonlinear fashion? (2) Does MMSE
have a nonlinear relationship with MOCA due to ceiling and floor effects, controlling for
the above variables? (3) Do age, education, and race have a significant effect on the
equating between MMSE and MOCA? These questions have not been addressed
adequately in the previous literature, due to the inability of equipercentile weighting to

adequately adjust for more than one potential confounder and explore nonlinear effects.



We propose a set of regression methods to explore the dynamic relationships between the
tests and the three potential confounders.

To explore the potential non-linear relationship between MOCA, MMSE and the
three potential confounding variables: race, education, and age, we propose two quantile
regression models. Quantile Regression allows us to evaluate how the effects of these
variables change over the different quantiles of the outcome variables of interest: MOCA
and MMSE. In other words, are the effects of these variables more extreme in patients
who scored higher or lower in the MOCA or MMSE, and how is this change different
between the two tests?

Variables were coded in the following manner. Age is centered and standardized
for ease and interpretability of computation by subtracting its median of 75 and by
dividing by 10. Race is coded into two categories, white and asian vs black, due to the
low number of Asians, Hispanics and other race groups. Education is recorded as the
years of education obtained, and then separated into three categories: less than 12 years,
12 to 16 years, and greater than 16 years. These groupings approximately correspond to a
high school, college, or graduate education. In addition, data points with missing values
for any of the above variables were removed from the dataset.

We define the quantile regression as follows. Define Y as the outcome variable, X
the design matrix, and = the quantile of interest. We wish to estimate f3; the vector of
regression coefficients for the model of the zth quantile. Then, we can define the

following function:

Qr(® =F'(¥) = infly:F(y) > 7}
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Where F is the cumulative distribution function of Y. This is the quantile function, which
is the minimum value of Y such that Probability of Y is greater than tau. For regression
purposes we use the conditional quantile function as the following:

Quyix)(™ = XB;
This is the formulation for the Model equation for quantile regression. The goal is to

estimate /3, using the following equation.

p—

n
By =argmin ) p.(Y —Xi,)
i=1

The function p, is defined as the expected loss function, which can be written as:

Xpg 00
E(po(Y - X;B)) = (1 — 1) f (v — XB)dFy(y) + © f (v — XB)dFy(y)
— oo XB

Here we are trying to minimize the expected loss between the predicted and true values
for each value of tau, which gives us the result of £,.

In this analysis we will define two models. They will both use the centered age,
categorical education, and binary race as defined above. The first model will use MMSE
as an outcome variable, while the second will use MOCA. We will regress over 7
quantiles ranging from 0.2 to 0.8 in increments of 0.1. This will give us a wide view of
how the effects change over a range of quantiles.

To access the difference between the quantile regression and ordinary least
squares, we will create a coefficient plot using R. This will plot each of the coefficients
for our predictors over our quantiles of interest. These plots will also include the OLS

estimate as a comparison. If the quantile regression model suggests that the linearity
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assumptions hold, we will use parametric linear regression to equate MMSE and MOCA,
adjusting for age, education and race.

The parametric model will include a linear link function of MOCA as its outcome
variable, and use MMSE as its main predictor of interest. We will split the data into
training and validation datasets, which will consist of 70% and 30% of our data
respectively. Due to ceiling and floor effect present in the MMSE, there may still be a
non-linear effect present. As such, we will include a knot at an MMSE value of 24, as
defined by Trzepacz et al. as the cutoff value between MCI and normal aging.® We will
use a cubic spline for this model. This will allow the effect of MMSE on MOCA to
change between MCI and healthy individuals. The three predictor variables: race,
education, and age are coded the same way as before. MOCA and MMSE will be
centered and standardized for ease of computation and interpretation, by subtracting the
median and dividing by 10. If this yields poor results, we will use non linear regression,
such as a three parameter logistic link instead.

When the models are built we will use the validation dataset to evaluate the
accuracy of the predicted MOCA values. This model does not place any asymptotic
restrictions on the predicted values. Therefore, scientifically absurd values may be
expected. We will report how far the predicted values deviate from the true values and

compare these against the equipercentile weighting method used by Monsell et al.

Results Section
Study Population

After removing data points with missing values in our variables of interest, 927

subjects remained. Descriptive statistics of this population can be found in Table 1.
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Overall, the Mean on the MMSE is larger at 26.31 than the MOCA at 21.91, which is
fairly consistent with other findings. Our population is largely white or Asian as well as
highly educated, with only 17% representing African Americans, and only 19% having
less than a high school education. Due to the few lower educated and non-white
participants in our study, we are not able perform an interaction analysis between
education and race. It may be of interest in a later study, however. Further descriptive
statistics can be found in Monsell et al.

We divided these subjects into a training and validation dataset resulting in 648 in
the training set and 279 in the validation dataset. This was performed using a regular
simple random sample. As shown in table 1, the randomization into the two datasets was
fairly successful, with the proportions of the variables of interest being representative of

the population as a whole. Some differences were seen it the validation dataset; however,

they were not extreme, and this is to be expected with a smaller sample size.

Variable Level/units Overall Training Validation
Descpritive Descriptive Descriptive
Statistics Statistics Statistics
MMSE Mean (SD) 26.31 (4.92) 26.45 (4.78) 26.00 (5.05)
MOCA Mean (SD) 21.91 (6.42) 22.03 (6.29) 21.65 (6.70)
Race
White n (%) 766 (82.6) 528 (81.5) 238 (85.3)
Non-white n 161 (17.4) 120 (18.5) 41 (14.7)
(%)
Education
<12 yearsn (%) 165 (18.8) 110 (17.0) 55 (19.7)
13-16 years n 391 (42.2) 266 (41.0) 125 (44.8)
(%)
>16 yearsn (%) 371 (40.0) 272 (42.0) 99 (35.5)
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Age Mean (SD) 74.99 (9.60) 75.41 (9.32) 74.03 (10.17)

Table 1 Descriptive Statistics: Presents descriptive statistics for
variables of interest on full dataset as well as validation and training
sets.

Quantile

Regression of MMSE and MOCA

We constructed two models to evaluate the relationships between MMSE and MOCA,
and three confounders: race, education, and age. Quantile Regression estimates were
made over 7 quantiles ranging from 0.2 to 0.8 in increments of 0.1. Age was centered
around its median and divided by 10 for computational purposes. The reference group for
education was less than 12 years, whereas the race variable used the white and Asian

population as the reference group. Results of the regression for two values of tau, 0.3 and

0.7, are given below in table 2.1 and 2.2.

Variable Coefficient for 95% CI for Coefficient for 95% CI for
tau=0.3 tau=0.3 tau=0.7 tau=0.7

Race 0.62 (-.39, 1.35) -0.31 (-0.75,0.70)
Centered Age -0.77 (-1.09,-0.30) -22 (-0.51,0.34)
Education 12-16  2.23 (0.48, 4.11) 0.69 (0.35, 1.08)
years

Education >16 3.92 (2.48, 5.80) 1.33 (0.68,1.70)
years

Table 2.1 Quantile Regression on MMSE Results: These coefficients for the 30"
percentile can be interpreted as follows. For a continuous variable such as Age,
for a 1 unit increase in centered Age, the MMSE decreases by 0.77 in the 30%"
percentile. For a categorical variable such as Race, MMSE is 0.62 higher for
Non-white individuals, than white or asian individuals. Interpretations for the
70" percentile are similar.
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The effects of age and education seem to decrease between the two Quantiles, and

all three are significant, in all cases except for age at the 70™" percentile. Race is not a

significant factor for MMSE at either tail, as well. A coefficient plot for MMSE can be

found in figure 1. Graphed here are the different coefficients from the quantile regression

mapped over the quantiles 0.2 to 0.8. The OLS estimate and itx confidence interval is

found as well. In the MMSE plot, there does not appear to be any difference between the

OLS estimate and the Quantile regression estimates regardless of which quantile we look

at. This can be determined by the overlap of the quantile regression intervals and the OLS

intervals. Overall, there does not appear to be a difference between the OLS and the

Quantile regression estimates.
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Figure 2.1 Coefficient Plot for MMSE: The black line represents each of the
coefficient estimates at each of the values of tau on the x axis. The y-axis is the
values of the coefficients. The red line is the OLS estimate and corresponding
confidence interval.

The Quantile Regression results for the MOCA are reported in table 2.2. Overall
the results for the MOCA are larger than the effects on the MMSE. In addition, Race is
significant at the 70" percentile, unlike the MMMSE. However, education at 12-16 years
is not significant compared to less than 12 years of education. A coefficient plot is

included in figure 2.2. Similar to the above there does not appear to be evidence that there

is a difference between the quantile regression estimates and the OLS estimates.

Variable Coefficient for ClI for tau=0.3 Coefficient for ClI for tau=0.7
tau=0.3 tau=0.7

Race (Nonwhite, -.68 (-1.70, 0.23) -1.84 (-2.87,-0.94)

ref=White)

Centered Age -1.29 (-1.86,-0.44) -1.05 (-1.73,-0.61)

Education 12-16  1.48 (0.61, 4.47) 1.26 (-0.07, 1.08)

years

Table 2.2 MOCA Quantile Regression Results: Coefficients and
Confidence intervals for Regression of MOCA at tau=0.3 and tau=0.7

Education >16  4.77 (3.33, 7.46) 2.16 (0.57,2.68)
years
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Figure 2.2 Coefficient Plot for MOCA: Black
line represents coefficients. Red line is OLS

Overall, the effects are larger for our potential confounders in the lower quantiles
than the upper quantiles, and they are more extreme in the MOCA than the MMSE.
However, these estimates do not appear to differ significantly from the OLS estimates,
so a parametric linear regression method can be used for equating the two tests.

Linear Regression
We then evaluated the impacts race, age and education have on the equating of

MMSE and MOCA. We used linear regression methods with piecewise linear splines to
evaluate the associations and perform prediction. The model was created using the
training dataset, and prediction was evaluated using the validation dataset.

In this model, in addition to age, MOCA and MMSE were also centered around

their median (22 and 26 respectively) and divided by 10. As such coefficients should be
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interpreted in this manner. The table of the results for the linear regression can be found

in table 2.3.

Variable Coefficient Cl

Intercept -2.63 (-2.82,-2.44)
MMSE 2.23 (2.00,2.46)
The MMSE 24- 2.82 (2.63,3.01)
28

MMSE >28 3.08 (2.89,3.27)
Race (Nonwhite, -0.142 (-.203,-.08)
ref=White)

Centered Age -.039 (-0.06,-0.01)
Education 12-16  0.01 (-0.06, 0.07)
years

Education >16 0.05 (-0.02,0.12)
years

Table 3 Results from the Linear Regression of
MOCA and MMSE

As seen above, all linear splines were statistically significant with the difference
between MOCA and MMSE, holding all else constant, increasing as the MMSE
increases. This holds consistent with finding regarding the ceiling effect present in the
MMSE. Interestingly, education was not found to be significant at any level. In contrast,
Race and Age were found to be significant.

Using the validation dataset, we evaluated the predictions of MOCA from the
model against the true values of MOCA. The results can be found in table 2.3. The

majority of predictions (about 52%) were within two points of the true values, with over
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80% being within 4 points of the true values. These differences were unstandardized back
to values between 0 and 30 for this analysis, and should be interpreted as such. Only one
value was found to be outside fo the normal range. This data point consisted of 0 for both

the MMSE and MOCA.

Residual +-1

Size (n

66 (23.6) 144 (51.6) 184 (65.9) 225 (80.6)

Table 4- Prediction results from Linear
Regression. Difference between true and

predicted values of 1, 2, 3, 4 are represented
These values appear to

be lower than the predictions made by Monsell et al. using equipercentile weighting, but
they are not dramatically lower. It is difficult to compare between the two as well as we
do not have whole number predictions. Our table rounds to the next largest whole
number. This was done to be conservative. The model does not have any restrictions
regarding keeping the predictions between 0 and 30. However, only one prediction was

outside of this range. Overall, the predictions are good, but can be improved.

Discussion

In this paper, we have used regression methods to address questions regarding the
effects important demographic variables have on equating MOCA and MMSE. =We
studied how the demographic variables of age, race, and education affect the test scores
individually, allowing for potential non-linear effects. Then we evaluated how each

demographic variable changed what a score on MMSE would equate to on the MOCA.
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By doing so, we have shown that previous methods are not adequate to adjust for
multiple potential confounding effects.

In our quantile regression analysis, we found that multiple factors are associated
with how high they scored on the test. These effects tended to be more extreme in the
case of the MOCA. In both cases, there is some evidence the effects were higher among
those who scored higher in each test. Intuitively, this makes sense due to ceiling effects
that may be caused by these demographic variables. However, in both cases the
coefficients were not significantly different than the OLS estimates, suggesting that using
parametric assumptions may be adequate.

We chose to add piecewise linear splines to the model to evaluate how the effect
of MMSE on MOCA changed over the with higher levels of MMSE. Splines were added
at 24 and 28, resulting in significant increases in the effect. In other words, as MMSE
increases, there is evidence to suggest that the gap between MOCA and MMSE increases.
This reflects the ceiling effect in the MMSE, showing the difficulty in detecting MCI.
Interestingly, we found no education effect, and instead found a race effect. It is unclear
to what degree this is representative of an interaction effect, but we do not have the
sample to evaluate this question. Age was also significant in the model. Overall, the
linear model showed potential effects for race and age. Other studies using equipercentile
weighting have not adjusted for these effects at all. This is the most important strength of
our study.

There are multiple limitations to this study, however. Perhaps most important is
that the crosswalk data is not a diverse sample. Under 20% of the study population was

not white or had under 12 years of education. In addition, the population had a large
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number of participant with graduate level education. In other words, our population was
unrepresentative of the diversity of education and race in the US as a whole. This may be
due to a problem in recruiting patients for these studies, in that the highly educated are
more likely to participate, and the highly educated are more likely to be white or Asian.

Another downfall of this study is to the lack of adequate controlling for
socioeconomic status. We have a mostly elderly population, with a median of 75.
Education at this age may not be a good indicator of SES. Perhaps the reason why we did
not see an education effect, where others have, is the inability to properly control for the
SES with only education. A potential variable of interest to broaden our view of SES is
income. Income at intake may be more indicative of a subjects SES at that age than
education level. In addition to SES, as mentioned above, race/SES interaction effects
could be of interest if we had a more diverse population.

A potential confounding variable of interest that we were not able to study is the
presence of cerebrovascular disease. A lower score on either test could be a result of a
number of vascular diseases, so controlling for the presence of this may be beneficial.
One can measure this through the Hachinsky Ischemic scale. This scale is strongly
associated with probable cerebrovascular disease and measures several factors such as:
hypertension, history of smoking and cognitive status. This scale has been validated to be
associated with vascular dementia.*?

Another area for potential improvement is to build a stronger predictive model.
While we shoed parametric methods may be useful, linear regression may not be the best
model for prediction. We chose linear regression to focus on the covariate effects, and

ensure interpretability. Using a model that restricts the potential predictions between two
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values may be of interest. This will reduce the number of scientifically absurd predictions
and may improve prediction accuracy.

Overall, our study showed that the previous method of equipercentile weighting
may not be adequate. The only method of adjusting for confounders is to use crude
changes based off of binary or categorical variables. We have shown that regression
methods, which are fairly simple, can control for several important factors at a time.
Race, Education and Age cannot be ignored as they can effect how one scores on the
tests, and they need to be adjusted for. Complex regression methods may not be
necessary, but regression methods in general should be used to provide adequate control

for confounding variables.
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