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Abstract
Purpose: Routine cognitive screenings in primary care settings can benefit patient care and preventive 
medicine in multiple ways; however, their integration to the protocol of physical exams, as a standard of 
care, may be hampered by systemic considerations related to labor and cost. In an effort to decrease these 
impediments, the current study evaluated the validity of a screening procedure that had been specifically 
designed to impose minimal burden on the clinic.
Method: The study examined the ability of a brief computerized cognitive test (the CNS Screen) to detect 
mild cognitive impairment in a cross-sectional design. Analyses employed a machine learning model of 
Support Vector Machines (SVM) to classify non-symptomatic subjects from a primary care clinic (n = 49) 
and hospitalized psychiatric patients with mild cognitive impairment (n = 26), based on the screening data.
Results: The classifying algorithm correctly assigned participants to their respective groups at a probability of 
0.945 through a ‘leave one out’ validation procedure.
Conclusions: These findings suggest that instruments such as the CNS Screen may offer a pragmatic 
alternative to clinician-administered procedures, while maintaining the validity required for clinical practice. 
Implications for patient care in primary care settings are discussed.
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Introduction
Although central to most aspects of human life, the 

brain receives relatively limited attention during phys-
ical exams. At current, the routine monitoring of brain 
health is excluded from primary care practices primarily 
due to practical considerations. In particular, biological-
ly based procedures that can reveal brain pathology are 
too invasive, labor-intensive, and expensive to employ in 
community wide screenings [1]. In light of such prohib-
itive burden, assessing brain functioning through a cog-
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clude in a single evaluation [13].

In summary, incorporating a cognitive assessment 
to physical exams may provide several benefits, includ-
ing early detection of mild cognitive impairment due to 
brain pathology, improved care for psychiatric disorders, 
enhanced ability to monitor the effects of other medical 
conditions on functioning, and the potential to inspire 
preventive life style changes in patients at risk for ab-
normal cognitive decline. These considerations warrant 
the development of cognitive measures that are tailored 
for the specific needs of the primary care settings. In this 
regard, it seems important to design a valid instrument 
that is cost effective and labor efficient. The optimal mea-
sure should be brief, computerized, self-administered, 
multi-versioned, and highly sensitive to changes in cog-
nitive functioning.

The present study evaluated the accuracy of the CNS 
Screen an instrument that was designed according to the 
principles described above in detecting mild cognitive 
impairment due to psychiatric illness, across hospital 
and primary care settings. For this purpose, the study 
examined performance on the CNS Screen in two sam-
ples. One sample consisted of cognitively intact people 
who completed the CNS Screen during a regular visit to 
a primary care clinic. The second sample included psy-
chiatric inpatients who exhibited cognitive impairment 
without dementia, assessed on the day of hospital dis-
charge. Analyses aimed to determine the extent to which 
the CNS Screen was able to correctly identify cognitive 
impairment through a classification procedure. The 
overarching goal of the study was to achieve a high lev-
el of accuracy in a brief, self-administered procedure, 
as these attributes may offer a useful cognitive tool for 
detecting cognitive impairment in primary care practice 
and thereby improve patient care.

Method
Sample characteristics

The study compared two samples that were collected 
in the context of different projects; one was designed to 
examine the utility of the CNS Screen in psychiatric care, 
and the other collected normative data for this instru-
ment in a primary care clinic. The first sample (n = 49; 
mean age = 61.30, SD = 10.15, range: 45-83) was recruit-
ed in a primary care clinic in Quincy, MA, USA, over the 
course of 9 months. This project aimed to evaluate the 
feasibility of employing a self-administrative procedure 
for cognitive assessment in a primary care setting. The 
sample consisted of cognitively healthy patients (based 
on performance on the Mini-Mental State Examination, 
MMSE). Inclusion criteria consisted of age ≥ 45 and the 
ability to comprehend instructions in English. Partici-
pants were referred to the study by their primary care 

nitive proxy may offer a unique pragmatic advantage and 
multiple benefits to preventive healthcare [2].

Most notably, setting the starting post of annual cog-
nitive testing to midlife (e.g., age 45) may create longi-
tudinal data sets that constitute an empirical metric of 
brain aging. These data would allow physicians to char-
acterize the slope of cognitive aging and change for indi-
vidual patients in comparison to both personal base line 
and the general population, and thereby detect the de-
parture from cognitive health, ideally before the develop-
ment of significant psychosocial impairment [3]. Within 
the context of primary care, continuous feedback about 
cognitive decline can inform the treatment of medical 
risk factors for dementia, and with effective behavioral 
interventions also inspire life style changes that are con-
ducive to protecting brain health [4,5].

Beyond its potential contribution to early detection 
of dementias, the routine assessment of cognitive func-
tioning in primary care can help the treatment or man-
agement of other pathologies, especially psychiatric dis-
orders. For example, most patients with schizophrenia 
and a substantial number of patients with bipolar dis-
order suffer from progressive cognitive impairment and 
reduction of brain volume over the course of the illness 
[6,7]. Studies indicate that cognitive decline and neu-
rological degeneration in severe psychiatric disorders 
is associated with a more severe course of illness, poor 
functional adjustment, greater allostatic loads, higher 
risk for dementia, and heavier medical burden [8,9]. Ear-
ly detection of cognitive decline in psychiatric patients 
may therefore help to prevent medical illness if the feed-
back leads to improvements in the management of the 
illness and related stresses in the community. Through 
the routine monitoring of cognitive functioning, prima-
ry care may play an important role in this process. Be-
yond severe psychiatric disorders, primary care is also 
a major mental health provider for common mood and 
anxiety disorders, which are often accompanied by cog-
nitive deficits [10,11]. Cognitive impairment in these 
conditions tends to co-vary with symptom severity, and 
therefore represents an important clinical domain that 
warrants assessment, especially in late life depression 
[12]. For example, in major depression, recurrent assess-
ment of cognitive functioning can help to evaluate the 
severity of a mood episode, potential functional impair-
ments, and the remission process through objective, as 
opposed to self-report, measures. In many situations, the 
cognitive evaluation may capture residual symptoms or 
indicate deterioration in a manner that can guide clinical 
decisions and care more generally. Moreover, in older 
people, repeated cognitive assessment in primary care 
may inform the process of differential diagnosis between 
depression and dementia, which can be difficult to con-
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denced by a Pearson correlation coefficient of 0.78 across 
administrations [15].

The CNS Screen proceeds in the following sequence: (1) 
Verbal memory-acquisition; (2) Verbal memory-immedi-
ate recall; (3) Visual memory-acquisition; (4) Visual memo-
ry-immediate recall; (5) Balloon-popping task; (6) Number 
sequence task; (7) Number switching; (8) Verbal memory 
delayed recall; (9) Visual memory delayed recall. In the ver-
bal memory series, participants memorize five words over 
twenty-five seconds, which they recall amid ten distractors 
during immediate recall and within pairs during delayed 
recall. The visual memory sequence consists of timed mem-
orization of five playing cards for five seconds, and a later 
recall of card location on the screen. The immediate recall 
trial ends when the participant identifies all five cards in the 
sequence without error, and the delayed recall trial repeats 
the same task without an additional exposure to the cards. 
To test motor speed, the battery consists of a task requir-
ing subjects to pop sixteen balloons as fast as possible in a 
spatial sequence that corresponds to subsequent tasks mea-
suring attention and executive functioning. This balloons 
task controls for reaction time and mouse sensitivity, which 
affect the tasks that follow. These tasks assess attention and 
executive functioning through number sequencing and 
switching, based on the Trail Making Test paradigm [16]. 
On the attention subtest, subjects are required to click on 
non-consecutive numbers in ascending order, and in the 
executive section they are asked to advance through the as-
cending sequence while alternating between even and odd 
numbers. The test is available at http://www.cnshealth1.
org/cnsger/index.jsp.

The Mini-Mental State Examination (MMSE)
The MMSE is currently the most widely used and 

studied brief screens for cognitive impairment [17,18]. It 
is clinician-administered with normal cognition general-
ly falling equal to or above 27 of 30 points, although the 
clinical cut off score is often adjusted for age and educa-
tion. Pooled estimates of sensitivity are found at 88.3% 
and specificity at 86.2% [17].

The Montreal Cognitive Assessment (MoCA)
The MoCA is another clinician-administered screen 

for the assessment of mild cognitive impairment and has 
wide distribution in clinical and research settings [19]. 
With a cut off of 25/26 of 30 points, sensitivity is found in 
the 80% to 100% range and specificity in the 50% to 76% 
range [17]. The MoCA is found to have a good conver-
gent validity with the MMSE (r = 0.66) [20] and with the 
CNS Screen (r = 0.60) [15].

The Patient Health Questionnaire-4 (PHQ-4)
The PHQ-4 for depression and anxiety is a 4-item 

screen with wide distribution across healthcare settings 

providers if they met the aforementioned criteria. Po-
tential participants were excluded from the study if they 
lacked proficiency to use the computer independently or 
presented with an acute medical condition that would 
adversely affect mental status (as opposed to chronic con-
ditions managed in treatment). Four patients referred to 
the study were excluded due to possible early dementia, 
based on their MMSE scores. The primary care sample 
included twenty-six men and twenty-three women, of 
whom; five indicated an affiliation with a minority ethnic 
group. With respect to formal education, fifty percent of 
this sample reported earnings at least a bachelor degree, 
and two participants did not obtain a high school diplo-
ma (mean years of education = 14.3, SD = 2.2).

The second sample was gleaned from a larger data set 
that was collected in a previous study for the purpose of 
validating the CNS Screen in psychiatric patients [12]. 
The subsample consisted of twenty-six psychiatric in-
patients at McLean Hospital (Belmont, MA, USA), who 
completed the test on the day of hospital discharge. Their 
data were selected for the present analysis based on the 
inclusive criterion of age (≥ 45; mean = 63.38, SD = 10.58, 
range = 46-84) and a presentation of cognitive impair-
ment without dementia. All of the participants selected 
for this analysis scored below the clinical cut off score for 
cognitive impairment on the Montreal Cognitive Assess-
ment (MoCA; mean = 22.75, SD = 1.25, range = 21-25). 
This sample included fourteen men and twelve women. 
Two participants indicated an affiliation with a minority 
ethnic group. Approximately thirty five percent of this 
sample reported earning a bachelor’s degree or higher, 
and one participant did not obtain a high school diploma 
(mean years of education = 13.65, SD = 31).

With respect to psychiatric diagnoses, nineteen per-
cent of the sample carried a diagnosis of schizophrenia 
or schizoaffective disorder, twenty-seven percent were 
diagnosed with bipolar disorder, and fifty-four percent 
were hospitalized for a major depressive episode. At the 
time of testing, participants were psychiatrically stable 
and approved for discharge by the treatment team.

Measures
The Central Nervous System (CNS) screen

The CNS Screen [14] is a computerized, self-admin-
istered assessment that presents cognitive challenges 
across multiple domains, including verbal and visuospa-
tial memory (immediate and delayed recall), attention, 
motor speed, and executive functioning. Each subtest 
has unlimited versions for multiple administration. Psy-
chometric properties were established in the larger psy-
chiatric sample described above. The measure co-varied 
with diagnosis, disability status, age and MoCA scores, 
and demonstrated acceptable test retest reliability, evi-
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gle direction: skewing outcome toward underestimating 
the performance of the CNS Screen. Stated differently, 
the variance in diagnostic measures across samples can 
decrease the power of analysis due to error. However, 
it does not increase the probability for detecting false 
findings with a blind classifier. Diagnostic errors in ei-
ther sample (e.g., instances in which the MoCA falsely 
diagnosed impairment in the psychiatric sample, or the 
MMSE failed to detect impairment in the primary care 
subjects), regardless of source or proportion, therefore, 
limit rather than enhance the empirical success of an in-
dependent classifier. For this reason, analysis is unlike-
ly to overestimate the merit of the CNS Screen, at least 
not due to sample discrepancies in diagnostic measures. 
Hence, evidence for satisfactory performance should be 
considered valid. We proceeded with the analyses below, 
based on this assumption.

Results
Demographic and clinical data

Group comparisons revealed no differences in demo-
graphic variables. Consistent with the intentional selec-
tion of psychiatric subjects within the inclusive criteria 
of the study, a Yuen test for trimmed means [24] failed 
to detect group differences in age (trimming set to 20%; 
trimmed mean difference (tmd) = 2.38, SE = 3.09, test 
statistic (ts) = 0.77, df = 28.2), p < 0.44. Similarly, group 
comparisons of categorical variables revealed no differ-
ences in the level of education, χ2(5) = 2.60, p < 0.76, or 
gender, χ2(1) = 0.11, p < 0.91. On a measure of mood 
symptoms, subjects in the primary care sample scored 
markedly below the clinical range (i.e., mean PHQ-4 
depression items = 1.3, SD = 0.29); whereas, the range 
of scores on the mood measure administered to the psy-
chiatric sample indicated mild to moderate symptoms of 
depression (mean QIDS-SR16 = 9.3, SD = 5.4) at the time 
of hospital discharge. None of the subjects in the primary 
care sample reported major subjective memory concerns 
(mean = 1.2, SD = 0.12), or memory decline over the 
course of the past 10 years (mean = 1.4, SD = 0.15).

Group comparison of CNS Screen data
Both parametric and non-parametric comparisons 

revealed significant differences between the primary care 
and psychiatric samples on all of the CNS Screen mea-
sures. Table 1 presents the Kolmogorov Distances (KD) 
and differences in trimmed means between the groups. 
The analysis employed KD to assess the overlap between 
group distributions of cognitive measures. As Table 1 
indicates, although the outcome of the "Kolmogorov 
Smirnov" tests was significant, the degree of overlap be-
tween the groups varied across tasks, without a mutu-
ally exclusive outcome for any single measure. In other 

and good reliability (Cronbach’s α = 0.80) [21]. Scores of 
9 or above out of 12 are considered severe, descending to 
moderate (6-8), mild (3-5), and normal (0-2).

The Quick Inventory of Depressive Symptomatol-
ogy (Self-Rated) (QIDS-SR16)

The QIDS-SR is a 16-item inventory assessing symp-
tom domains of a major depressive episode according 
to the American Psychiatric Association Diagnostic and 
Statistical Manual of Mental Disorders, Fourth Edition, 
Text Revision [22]. The QIDS-SR16 has high internal 
consistency (Cronbach’s α = 0.86) and correlations with 
other widely used but lengthier depression measures 
(e.g., HAM-D = 0.86; IDS-SR = 0.96) [23].

Subjective memory report
In addition to the aforementioned measures, partic-

ipants were asked to provide a subjective assessment of 
their memory and concentration with three questions 
(“How would you rate your overall memory?”; “How 
would you rate your memory compared to 10 years 
ago?”; “How would you rate your ability to concentrate 
right now?”). Answers were rated on a Likert-type scale 
(range 0-3), with descriptors ranging from “Poor” to 
“Excellent” for the first and third questions, and “Much 
worse” to “About the same” for the second question.

Procedure
In both samples, participants received a detailed expla-

nation of the test procedures and the goals of the study, 
before obtaining written informed consent. In the prima-
ry care sample, a trained member of the research team ad-
ministered the PHQ-4, MMSE and the subjective memory 
questions, before subjects self-administered the CNS screen. 
The procedure in the psychiatric sample followed a similar 
sequence, employing the QIDS-SR16 and MoCA instead of 
the PHQ-4 and MMSE. All participants in the psychiatric 
sample were assessed on the day of hospital discharge. 

Methodological considerations surrounding sam-
ple discrepancies

As mentioned above, the samples in this study were 
characterized with different dementia (i.e., MoCA ver-
sus MMSE) and mood (i.e., PHQ-4 versus QIDS-SR16) 
screens, because they were collected in the contexts of 
separate projects. In this section, we examine the poten-
tial effects of these discrepancies on the study’s outcome.

The current study employed a common (i.e., uniform-
ly applied across samples) cognitive classifier (i.e., based 
on CNS Screen data), independent of procedures related 
to sample selection and group assignments. Blinding the 
classifier in this manner effectively narrows the poten-
tial biases of the aforementioned discrepancies to a sin-
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and search for the function that best separates them in a 
geometrical manner into the correct categories [27].

The validity of the model is tested by the extent to 
which the function can successfully classify new cases 
(i.e., data not used during the training process that creat-
ed the classifying function). Aside from linear classifica-
tion, SVM can apply non-linear functions with different 
kernels, which represent specialized algorithms for pat-
tern analysis [28].

The current analysis performed the SVM procedure 
in R with the function comsvm.best; based on the CRAN 
package e1071 [29] (see Appendix A for comsvm.best R 
code). This function runs the four most commonly used 
SVM kernels-linear, polynomial, radial and sigmoid-and 
reports the outcome of the kernel with the best perfor-
mance, based on a ‘leave one out’ cross validation proce-
dure. During its run, the algorithm eliminates the label 
of one of the observations in the dataset and attempts to 
classify it by applying its vectors to the function derived 
by the remaining data. This process is repeated for all of 
the observations, so each subject in the study is classified 
once by the rest of the sample. To maintain the indepen-
dence between the classified observation and classifying 
function, the latter is generated anew with every itera-
tion. In the present analysis, comsvm.best applied all the 
measures that appear in Table 1, as features, in addition 
to average response times for each task (i.e., 23 CNS 
Screen features in total). The result implicated sigmoid 
as the highest performing kernel for the data, and esti-
mated the prediction rate of new cases to their respective 
labels (i.e., impaired or non-impaired) at 94.6%. Only 4 
of the 75 subjects were misclassified, with 3 misses (i.e., 
impaired patients classified as non-impaired) and 1 false 
positive (i.e., non-impaired patient labeled as impaired).

Discussion
The current study provides preliminary support for 

assessing cognitive functioning in primary care settings 
through a brief, computerized, self-administered proce-

words, the KD did not yield a single measure on the CNS 
Screen that was able to separate the groups completely, 
which would be a desirable psychometric property to at-
tain for clinical practice. In general, Table 1 shows that 
the overlap between the groups was lower on measures 
of completion time than on measures of errors. Adjust-
ment of type I error for multiple comparisons was based 
on a modified procedure of Bonferroni inequality [25].

The results of the parametric analyses were consis-
tent with the non-parametric findings. Specifically, Yuen 
tests of trimmed means were highly significant for most 
measures in the hypothesized direction, with few excep-
tions noted on measures of errors during practice ses-
sions, which were uniformly low across groups. Yuen’s 
procedure [24] was deemed to be a preferred paramet-
ric analysis for the current data, as the observed distri-
butions were skewed and contained numerous outliers 
across measures. Under these conditions, the Yuen test 
possesses higher power relative to conventional methods 
based on means. In addition, it maintains more adequate 
control over type I error, and allows for a more mean-
ingful interpretation of effect size [26]. In a comparative 
view across measures and tests, Table 1 suggests that the 
even-odd numerical sequence (i.e., number switching) 
offers the largest effect size and lowest overlap between 
the groups, and may therefore provide good indication 
of impairment in a procedure that takes between 1 and 2 
minutes to complete (Table 1).

To assess the clinical utility of the tested procedure, 
subsequent analysis employed a Support Vector Ma-
chine (SVM) method. SVM is a machine-learning model 
for classifying data with algorithms that are designed to 
develop exploratory functions through supervised learn-
ing. Given a set of training examples, each labeled for be-
longing to one of two classes (categories), an SVM train-
ing algorithm builds a model that assigns new examples 
into one category or another, based on a range of multi-
ple vectors (i.e., predicting variables). In this process, the 
model may export the data to higher-order hyper planes 

Table 1: Group comparison of the CNS Screen measures.

Measures
VIR VDR CIR CDR BAL NSP NST EOSP EOST

Completion time
K.Distance 0.70*** 0.73*** 0.46*** 0.64*** 0.52*** 0.56*** 0.57*** 0.49*** 0.80***

T.mean diff 26.1*** 90.6*** 55.0** 32.2*** 8.20*** 9.22*** 29.4*** 15.8*** 67.9***

Effect size 0.86 0.87 0.70 0.82 0.74 0.73 0.80 0.73 0.88
Number of errors
K.Distance 0.38*** 0.56*** 0.44*** 0.50*** - 0.24 0.42** 0.15 0.33*

T.mean diff 0.43** 6.38*** 4.89*** 2.59*** - 0.31 3.08** 0.24 2.24**

Effect size 0.44 0.77 0.64 0.69 - 0.32 0.59 0.23 0.52

Note: * = p < 0.05, ** = p < 0.01, *** = p < 0.001. VIR: Verbal (word) Test Immediate Recall; VDR: Verbal (word) test Delayed 
Recall; CIR: Cards test Immediate Recall; CDR: Cards test Delayed Recall; BAL: Balloon popping test; NSP: Number Sequencing 
Practice test; NST: Number Sequencing Test; EOSP: Even-Odd Sequencing Practice test; EOST: Even-Odd Sequencing Test; 
K.Distance: Kolmogorov Distance; T.mean diff: Trimmed mean difference.

https://en.wikipedia.org/wiki/Pattern_analysis
https://en.wikipedia.org/wiki/Pattern_analysis


• Page 43 •

Citation: Levy B, Gable S, Tsoy E, et al. (2017) Machine Learning Detection of Cognitive Impairment in Primary 
Care. Alzheimers Dis Dement 1(2):38-46

Levy et al. Alzheimers Dis Dement 2017, 1(2):38-46 ISSN: 2578-6490  |

an average level of education. To provide more accurate 
outcomes in these situations, the SVM analyses will need 
to be based on normative and clinical samples that are 
culturally relevant to the assessed population. Third, the 
present study does not assess the clinical promise of the 
protocol to detect the early stages of neurodegenerative 
illness; yet, it does present a compelling first step for a 
longitudinal investigation that will be able to address 
this critical issue. Finally, it should be emphasized that 
whereas an automated (i.e., self-administered/comput-
erized) procedure can detect impairment; it cannot re-
place a comprehensive cognitive evaluation for diagnos-
tic purposes. In other words, it may effectively signal to 
the physician the need for a more elaborate assessment 
in certain cases, but it does not constitute a cognitive 
evaluation that is sufficient for clinical purposes.

Despite these limitations, the present study supports 
the notion of conducting cognitive assessment in prima-
ry care settings. Specifically, it demonstrated that it might 
be possible to meet satisfactory clinical standards with 
highly efficient procedures suitable for physical exams in 
primary care. Further advances in this area may enhance 
the treatment of various medical conditions that involve 
cognitive symptoms in general and the primary care of 
geriatric populations in particular.

Attaining continuous cost-efficient improvements to 
geriatric primary care can be highly consequential, based 
on present estimations of demographic trajectories. Pri-
mary care and geriatrics intersect at the epicenter of one 
of the greatest modern-day challenges for national and 
global healthcare systems. The demographic “silver tsu-
nami” is predicted to scale global heights of an estimat-
ed 379 million octogenarians by 2050 [30,31], of whom 
115.4 million will have dementia [32]. This epidemic has 
led to the Institute of Medicine calling for improving 
geriatric care delivery [33]. However, economic consid-
erations hamper the warranted progress.

With a fiscal structure rewarding optimal value and 
low-cost care, the current system remains entrenched in 
a volume driven fee for service paradigm [34]. Regret-
table ramifications of this current-state are multifarious. 
Primary care physicians feel pressured to see numerous 
patients in very brief episodes of outpatient care. In ad-
dition, patient care related administrative burden com-
pound work pressure [35] in a manner that increases 
provider burn out [36] and decreases the interest of post-
graduate medical trainees in the field [37,38]. The conse-
quent work force shortage prevents the significant work 
flow burden from being adequately distributed.

In this state of affairs, the imperative to screen for 
cognitive impairment early enough with optimal sensi-
tivity is sacrificed at the altar of expediency. Of note, in 

dure. All unimpaired participants in the primary care 
clinic were able to complete the cognitive testing portion 
of the study on a laptop computer in less than 15 min-
utes without assistance. Analyses revealed that an SVM 
procedure distinguished between these subjects and 
psychiatric patients who presented with mild forms of 
cognitive impairment at an estimated accuracy of ninety 
four percent. This psychometric property meets clinical 
standards and therefore carries pragmatic significance. 
In general, the findings of this study indicate that the de-
velopment of effective protocols for detecting mild forms 
of cognitive impairment in primary care clinics is feasi-
ble, even without a major increase in cost or burden.

It is important to note, however, that the nature of 
the screening employed in the current study is not diag-
nostic in nature. Although the SVM algorithm correct-
ly identified psychiatric patients who achieved a MoCA 
score within the impaired range, it may not shed light on 
the origin or nature of impairment in uncharacterized 
patients. Instead, in the context of a physical exam, the 
tested protocol may be able to flag the presence of cog-
nitive impairment more generally, or in a manner that 
justifies a referral to a specialized evaluation. To expand 
the generalization of the current findings, future studies 
may seek to replicate the reported outcome in multiple 
patient groups, which are assessed in memory clinics 
and other clinical settings. Recruiting patients who suf-
fer from early stages of neurodegenerative conditions 
without psychiatric history or comorbidity would be of 
particular interest to this line of research.

Future efforts should also invest in longitudinal de-
signs. The current study provides evidence for a reli-
able detection of cognitive impairment; however, its 
cross-sectional design does not assess the sensitivity of 
the CNS Screen to the measurement of cognitive change. 
The correct identification of abnormal decline or clin-
ically significant improvement in cognitive function-
ing relative to previous assessments (i.e., baseline) may 
expand the clinical utility of cognitive screening in the 
primary care setting. It may allow physicians to identify 
early neurodegenerative processes across various medi-
cal conditions that adversely affect cognition, or monitor 
response to treatment.

Several limitations of the study deserve mention. First, 
the sample size was relatively small; thus, the reported 
psychometric properties of the CNS Screen for primary 
care use should be considered preliminary. Second, only 
a small number of participants in this study indicated an 
affiliation with a minority ethnic group, which limits the 
generalizability of results. In particular, it is possible that 
certain immigrant populations or patients with lower ex-
posure to the mainstream culture would be flagged with 
impairment in higher proportions than Caucasians with 
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plications of cognitive impairment and allostatic load in bi-
polar disorder. Eur Psychiatry 28: 21-29. 

10. Hammar A, Ardal G (2009) Cognitive functioning in major 
depression-A summary. Front Hum Neurosci 3: 26. 

11. Castaneda A, Tuulio-Henriksson A, Marttunen M, et al. 
(2008) A review on cognitive impairments in depressive 
and anxiety disorders with a focus on young adults. J Affect 
Disord 106: 1-27.

12. Sheline YI, Barch DM, Garcia K, et al. (2006) Cognitive 
function in late life depression: Relationships to depres-
sion severity, cerebrovascular risk factors and processing 
speed. Biol Psychiatry 1: 58-65. 

13. Yasavage J (1993) Differential diagnosis between depres-
sion and dementia. Am J Med 94: 23S-28S.

14. CNS Screen: a brief measure of cognitive functioning. 

15. Levy B, Celen-Demirtas S, Surguladze T, et al. (2014) 
Neuropsychological screening as a standard of care during 
discharge from psychiatric hospitalization: The preliminary 
psychometrics of the CNS screen. Psychiatry Res 215: 
790-796. 

16. Reitan RM, Wolfson D (1985) The halstead-reitan neuro-
psycholgical test battery: Therapy and clinical interpreta-
tion. Tucson AZ, Neuropsychological Press.

17. Lin JS, O’Connor E, Rossom RC, et al. (2013) Screening 
for cognitive impairment in older adults: An evidence up-
date for the U.S. preventive services task force. rockville 
(MD): Agency for healthcare research and quality (US). 

18. Saczynski J, Inouye SK, Guess J, et al. (2015) The mon-
treal cognitive assessment: Creating a crosswalk with the 
Mini-Mental State Examination. J Am Geriatr Soc 63: 2370-
2374. 

19. Nasreddine ZS, Phillips NA, Bedirian V, et al. (2005) The mon-
treal cognitive assessment, MoCA: A brief screening tool for 
mild cognitive impairment. J Am Geriatr Soc 53: 695-699. 

20. Lam B, Middleton LE, Masellis M, et al. (2013) Criterion and 
convergent validity of the montreal cognitive assessment 
with screening and standardized neuropsychological test-
ing. J Am Geriatr Soc 61: 2181-2185. 

21. Kroenke K, Spitzer R, Williams J, et al. (2009) An ultra-brief 
screening scale for anxiety and depression: The PHQ-4. 
Psychosomatics 50: 613-621.

22. American Psychiatric Association (2000) Diagnostic and 
statistical manual of mental disorders. (4th edn), Washing-
ton, DC.

23. Rush AJ, Trivedi MH, Ibrahim HM, et al. (2003) The 16-
item quick inventory of depressive symptomatology (QIDS), 
clinician rating (QIDS-C), and self-report (QIDS-SR): A psy-
chometric evaluation in patients with chronic major depres-
sion. Biol Psychiatry 54: 573-583. 

24. Yuen KK (1974) The two-sample trimmed t for unequal 
population variances. Biometrika 61: 165-170.

25. Rom DM (1990) A sequentially rejective test procedure 
based on a modified Bonferroni inequality. Biometrika 77: 
663-665. 

previous studies, only 16.3% of cognitively impaired pa-
tients who had the added vulnerability of living alone had 
been formally diagnosed with dementia [39]. The failure 
to diagnose cognitive impairment early in these patients’ 
results in increased medical cost and larger expenses re-
lated to community care supports and care giver time. 
These trends are noted even across the most internation-
ally acclaimed Scandinavian healthcare systems [40].

Hence, a cost effective, time efficient and optimally 
sensitive screening tool for cognitive impairment which 
can be seamlessly integrated into the high intensity pace 
of primary care work flow is the need of the hour. With 
this lens, the findings of this study, building upon oth-
ers, [41] are significant, as they suggest possible techno-
logical advances that can promote the service quality of 
primary care for both patients at risk for dementia and 
patients who suffer from psychiatric disorders.
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Appendix A: R Code for the SVM Function 
The following code used in this study was developed 

by Rand Wilcox, Ph.D., University of Southern Califor-
nia, Los Angeles, CA. It is based on the CRAN packages 
e1071. 

1. comsvm.best
comsvm.best<-function(x1,x2,MISS=FALSE){
kvals=c('radial','linear','polynomial','sigmoid')
pcd.est=NA
for(j in 1:4)pcd.est[j]=comdepthsvm(x1,x2,kernel=k-

vals[j])$est.prob
id=which(pcd.est==max(pcd.est))
fin=comdepthsvm(x1,x2,MISS=MISS,kernel=k-

vals[id])
list(best.kernel=kvals[id],est.prob=fin$est.prob,
miss.class.vectors=fin$miss.class.vectors)
}
2. comdepthsvm
comdepthsvm<-funct ion(x1,x2,g=NULL,al-

pha=.05,depthfun=prodepth,
plotit=FALSE,kernel='radial',MISS=FALSE,TABLE=FALSE,...){

#
# compare two independent multivariate distribu-

tions based
# on a basic support vector machines method.
#
# Use leave-one-out
#
# MISS=TRUE: returns the vectors misclassified.
#
# Leave-one-out cross validation is used, but see 
# Shao (1993). Linear Model Selection by Cross-Vali-

dation, JASA, 88, 486--494
#
library(e1071)
x1=elimna(x1)
x2=elimna(x2)
x1=as.matrix(x1)
x2=as.matrix(x2)
if(ncol(x1)!=ncol(x2))stop('x1 and x2 have different 

number of columns')

n1=nrow(x1)
n2=nrow(x2)
if(is.null(g))g=c(rep(1,n1),rep(2,n2))
g1=rep(1,n1)
g2=rep(2,n2)
PCD=NULL
xall=rbind(x1,x2)
n=nrow(xall)
nm1=n-1
rem=NA
for(i in 1:nm1){
svm_model=svm(xall[-i,],as.factor(g[-i]),ker-

nel=kernel)
temp=predict(svm_model,t(as.matrix(xall[i,])))
rem[i]=temp
pick=as.numeric(as.vector(temp[1]))
PCD[i]=pick[1]==g[i] 
}
svm_model=svm(xall[-n,],as.factor(g[-n]),ker-

nel=kernel)
temp=predict(svm_model,t(as.matrix(xall[n,])))
rem[n]=temp
pick=as.numeric(as.vector(temp[1]))
pick=as.numeric(as.vector(pick))
PCD[n]=pick[1]==g[n]
MI=NULL
if(MISS){
MI=cbind(xall[!PCD,],g[!PCD])
ir=c(1:n)
idrow=ir[!PCD]
MI=cbind(idrow,MI)
}
tab=NULL
if(TABLE){
tab=table(rem,as.factor(g))
dimnames(tab)=list(c('Pred 1','Pred 2'),c('GRP 1','GRP 

2')) 
}
l i s t ( e s t . p r o b = m e a n ( P C D ) , m i s s . c l a s s . v e c -

tors=MI,TABLE=tab)
}
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