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Brief Report

Introduction

Primary care clinics are an ideal setting to identify cogni-
tive impairment in the early stages, particularly since 
Medicare has covered cognitive screening as part of an 
Annual Wellness Visit since 2011.1 However, primary 
care clinics face significant time and resource constraints, 
and thus cognitive screening measures must be fast, accu-
rate, and easy to administer.2 The Mini-Cog is one of the 
most commonly used screeners in primary care settings, 
as it is relatively easy to administer, and it takes about 
3 min to complete.3

The Mini-Cog has demonstrated utility in community 
primary care settings. The brief screener is is relatively 
robust to education, gender, and ethnicity influences,4  

and demonstrates an estimated 73% sensitivity and 84% 
specificity in detecting either MCI, dementia, or CI.5 The 
Mini-Cog consists of 2 parts: a 3-word list recall (scored 1 
point per word), and a clock drawing test (scored 0 or 2). 
Standard practice guidelines suggest participants who score 
2 points or less on the Mini-Cog should be flagged for 
impairment, and further evaluation is recommended.5
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Abstract
Objectives:To help promote early detection of cognitive impairment in primary care, MyCog Mobile was designed as a 
cognitive screener that can be self-administered remotely on a personal smartphone. We explore the potential utility of 
MyCog Mobile in primary care by comparing MyCog Mobile to a commonly used screener, Mini-Cog. Methods: A sample 
of 200 older adults 65+ years (mean age = 72.56 years), completed the Mini-Cog and MyCog Mobile, which includes 2 
memory measures and 2 executive functioning measures. A logistic regression model was conducted to predict failing 
Mini-Cog scores (≤2) based on MyCog Mobile measures. Results: A total of 20 participants earned a Mini-Cog score 
≤2. MyCog Mobile demonstrated an AUC of 0.83 (95% bootstrap CI [0.75, 0.95]), sensitivity of 0.76 (95% bootstrap 
CI [0.63, 0.97]), and specificity of .88 (95% bootstrap CI [0.63, 0.10]). The subtest Name Matching from MyFaces and 
MySorting were the only significant predictors of failed Mini-Cogs. Conclusions: MyCog Mobile demonstrated sensitivity 
and specificity to identify participants who failed the Mini-Cog, and may show promise as a screening tool for cognitive 
impairment in older adults. Further research is necessary to establish the clinical utility of MyCog Mobile in a larger sample 
using documented clinical diagnoses.
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Despite the widespread use of the Mini-Cog, there are 
some disadvantages to using this tool in primary care. The 
Mini-Cog requires a trained examiner to administer fol-
lowing standardized instructions, which takes up valuable 
staff resources and time during ultra brief in-person visits. 
Moreover, although relatively simple to administer, human 
errors are common; 1 study found 61% of nurses made an 
error in the administration or scoring of the Mini-Cog.6 The 
Mini-Cog is also recorded and scored by hand, and results 
must be entered into an Electronic Health Record (EHR), 
creating further steps in the workflow and opportunities for 
error.

MyCog Mobile is an app-based screener that may help 
overcome some of the limitations of the Mini-Cog. MyCog 
Mobile is self-administered on a patient’s personal smart-
phone remotely prior to a primary care visit, and results are 
automatically sent into patient’s EHR triggering appropriate 
best practice alerts.7 The MyCog Mobile model saves valu-
able clinic time and staff resources and eliminates human 
errors in administration and scoring. While multiple digital 
screeners designed for at-home use are emerging on the mar-
ket, few have been psychometrically validated, which limits 
their utility in clinical settings.8 MyCog Mobile is unique in 
that it has demonstrated evidence of usability, feasibility, 
reliability, and validity in several previous studies.7,9,10 
However, it remains unclear how MyCog Mobile relates to 
well-established primary care screeners like the Mini-Cog. 
In this paper, we evaluated the sensitivity, specificity, and 
area under the curve of the MyCog Mobile tests using a 
Mini-Cog score 2 or less as a proxy for those who would be 
suspected of impairment and recommended for further eval-
uation under usual care standards for primary care .

Methods

A sample of 200 older adults was recruited by a market 
research agency through their large, nationally representa-
tive database of research volunteers. All participants were 
compensated and provided informed consent prior to par-
ticipation. Inclusion criteria required participants to be  
age 65 years or older, speak English and provide informed 
consent prior to participation. Testing was conducted in 5 
study facilities in Georgia, Texas, New Jersey, Florida, and 
Arizona. During the in-person visit, Mini-Cogs were admin-
istered first by a trained examiner to build rapport with  
participants before they started a completely self-adminis-
tered smartphone task. Participants then self-administered 
MyCog Mobile on iPhones provided at the study facility. 
The MyCog Mobile battery takes approximately 20 min to 
complete. Given the brevity of both tests and the distinct 
task paradigms, we did not have significant concerns about 
the effects of counterbalancing. Following administration, 
Mini-Cogs were double-scored by 2 independent study 
staff, and any discrepancies were resolved with the study 
team to ensure consensus.

Measures

MyCog Mobile.  MyFaces was originally developed by Rentz 
and colleagues to predict cerebral amyloid beta burden. 
This associative memory measure was adapted from the 
Mobile Toolbox Faces and Names measures.11 Participants 
are shown 12 photos of faces paired with their names. After 
a 5- to 10-min delay, they complete 3 subtests: Recognition 
(choosing the correct face from 3 options), First Letter 
(indicating the first letter of the name of the displayed face), 
and Name Matching (selecting the correct name from 3 
options). Each subtest generates a raw accuracy score.

MyCog Mobile.  MySorting was adapted from the MyCog 
Dimensional Change Card Sorting and Mobile Toolbox 
Shape-Color Sorting tests.11,12 MySorting reflects executive 
function and cognitive flexibility. Participants sort images 
by shape or color, as indicated by a cue word on the screen. 
Accuracy scores are based on the number of correct 
responses and response speed.

MyCog Mobile.  MyPictures was adapted from MyCog 
Picture Sequence Memory and the Mobile Toolbox 
Arranging Pictures task.11,12 MyPictures reflects episodic 
memory and involves arranging 16 images in a specific 
sequence. Participants first view the images in order and 
then recall their positions after the images are scrambled. 
Scores are based on exact matches and correctly ordered 
adjacent pairs. Exact match scores were generated for 
Trial 1 and Trial 2.

MyCog Mobile.  MySequence is a working memory test 
adapted from the Mobile Toolbox Sequences test.11 Myse-
quence involves remembering and ordering strings of let-
ters and numbers. Participants are asked to recall the letters 
first, in alphabetical order, then the numbers, in ascending 
order. Trial difficulty increases until participants score 
incorrectly on 2 consecutive trials of the same length. Raw 
scores reflect the number of correct trials.

Analysis

All analyses were conducted in R statistical software.13 
With 20 cases (Mini-Cog ≤2) and 180 controls, our sample 
was 85% powered to detect an area under the curve (AUC) 
of 0.7 at the.05 significance level. We standardized all 
measure scores to place them on the same scale. We then 
conducted a logistic regression with the binary outcome 
based on Mini-Cog scores, with a score of 2 or lower indi-
cating suspected cognitive impairment. The model predic-
tors included scores from MyPictures Trial 1, MyPictures 
Trial 2, MyFaces First Letter, MyFaces Name Matching, 
MyFaces Recognition, MySequences, and MySorting. We 
did not use a composite score, but rather each individual 
variable as predictors in the model.
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We used pseudo R2 to evaluate the acceptability of the 
model fit, with values of .2 or higher representing excellent 
model fit.14 We considered coefficients for the predictors 
significant at the .05 level. Our primary performance met-
rics were AUC, sensitivity, and specificity. Generally, a 
model with an AUC of 0.7 to 0.8 is considered acceptable, 
and 0.8 to 0.9 is considered excellent in its ability to dis-
criminate between cases and controls (e.g., suspected impair-
ment versus no impairment suspected).15 As an additional 
metric of test utility, we considered a combined sum of sen-
sitivity and specificity of 1.5 or greater to be acceptable.16

Given the small number of cases in our sample, we gen-
erated 1000 bootstrap samples from the complete dataset 
and fitted a logistic regression model to each simulated 
sample with replacement. Bootstrap confidence intervals 
for AUC, sensitivity, and specificity were computed using 
percentile methods to provide a 95% confidence range for 
each metric. To mitigate potential overfitting, we also ran 
an optimism-corrected ROC to address potential bias of the 
model fit.17,18 Using bootstrapping, this method adjusts the 
ROC AUC to provide a more accurate estimate of the mod-
el’s generalizability on new data, thereby offering a more 
reliable estimate of the model’s predictive ability.

Results

A sample of 200 older adults ages 65 to 87 years (mean 
age = 72.56 years; SD = 5.11 years) were enrolled in this 
study (Table 1). A total of 20 participants earned a Mini-
Cog score of 2 or less.

The AUC of MyCog Mobile was 0.83 (bootstrapped 95% 
CI: [0.75, 0.95]), with a sensitivity of 0.76 (bootstrapped 
95% CI: [0.63, 0.97]) and specificity of 0.88 (bootstrapped 
95% CI: [0.63, 0.10]). The pseduo R2 value of .25 indi-
cated an excellent logistic regression model fit to the data. 
MyFaces Name Matching and MySorting were the only sig-
nificant predictors of failed Mini-Cogs (see Table 2).

The model initially achieved an AUC of 0.83 when fitted 
to the original dataset. After applying optimism-correction, 
the ROC AUC decreased to 0.77. This reduction indicates 
that while the initial AUC value may have been slightly 
overestimated, it fell within the bootstrapped confidence 
interval and above acceptable a priori thresholds. The distri-
bution of AUC values for the bootstrap samples evaluated 
on the original dataset, and the estimated apparent and 
adjusted test performance are illustrated in Figure 1.

Discussion and Limitations

Findings from this exploratory study suggest that MyCog 
Mobile demonstrates adequate sensitivity and specificity to 
identify participants who fail a Mini-Cog. MyFaces Name 
Matching, a memory subtest, and MySorting, an executive 
functioning test, were the best predictors of a failed Mini-
Cog in our model. These results should be considered 

preliminary for several reasons. It is important to stress we 
used a general population sample and did not have infor
mation about the participants clinical diagnostic status. 
Although the Mini-Cog is commonly used to flag individu-
als for further evaluation, it is not a diagnostic tool on its 
own nor does it have perfect accuracy to detect impairment. 
Thus, it is unclear if any participants in our study would be 

Table 1.  Sample Demographics.

n (%)

Total N 200 (100)
Gender
  Female 109 (45.5)
  Male 91 (54.5)
Racial identity
  Asian 1 (0.5)
  Black or African American 35 (17.5)
  Middle Eastern or North African 1 (0.5)
  Native Hawaiian or Pacific Islander 1 (0.5)
  White or European American 157 (78.5)
  Other identity 8 (4)
  Prefer not to answer 1 (0.5)
Ethnic identity
  Hispanic 40 (20)
  Not Hispanic 160 (80)
Education
  Less than high school 1 (0.5)
  High School Diploma or GED 38 (19)
  Some college or 2-year degree 65 (32.5)
  4-year college degree 61 (30.5)
  Graduate degree 35 (17.5)
Mini-cog score
  0 1 (0.5)
  1 5 (2.5)
  2 14 (7)
  3 31(15.5)
  4 49 (24.5)
  5 100 (50)

Table 2.  Logistic Regression Predictors of Suspected Cognitive 
Impairment Indicated by Mini-Cog.

β (SE) P value

MyPictures
  Trial 1 0.24 (0.44) .59
  Trial 2 0.47 (0.39) .23
MyFaces
  First letter −0.44 (0.40) .26
  Recognition 0.24 (0.31) .44
  Name matching 0.78 (0.35) .02*
MySequences 0.22 (0.29) .44
MySorting 0.79 (0.32) .01*

*P < .05.
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diagnosed with a cognitive impairment in a clinical setting. 
An estimated 17% of community-dwelling older adults live 
with MCI,19 and the ratio of suspected cases to controls in 
our sample (20:180) was small for analysis purposes, which 
increases the risk of bias in our findings. We mitigated this 
risk by applying an optimism correction to our bootstrap 
resampled estimates, which suggested that the AUC in a 
sample of independent data would likely be acceptable, yet 
this will need to be confirmed in future work.

The generalizability of these results is further limited by 
lack of representation of racial identities other than Black/
African American or White/European American, and few 
participants with less than a high school education. 
Moreover, participants self-administered MyCog Mobile in 
a research setting, not in their own homes prior to a primary 
care clinic visit. It will be important to examine the feasibil-
ity of completing MyCog Mobile in a home setting, taking 
into consideration the technology experience, effort, and 
time required of the patients to complete MyCog Mobile, 
especially among vulnerable subgroups with worse physi-
cal and mental health. Findings support clinical validation 
of MyCog Mobile in a sample that includes healthy older 
adults as well as those with confirmed diagnoses of cogni-
tive impairment in primary care settings.

Conclusions

MyCog Mobile shows promise as a potential screening tool 
for cognitive impairment in older adults. While preliminary, 
these findings suggest MyCog Mobile demonstrates ade-
quate sensitivity and specificity to detect a failed Mini-Cog, 
with the MyFaces and MySorting subtests showing the 
most potential for detection. Further validation in a clinical 
setting with a larger sample, including individuals with 

confirmed cognitive diagnoses, is necessary to establish the 
clinical utility of MyCog Mobile and determine which sub-
tests should be prioritized in the battery.
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