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Abstract

We applied Machine Learning (ML) methods to test whether their application on data de-

rived from two simple tests of cognitive and functional skills can improve dementia screening.

DSM-IV criteria for dementia were used to categorize patients into normal, cognitively im-

paired but not demented, and demented groups. The two tests are the Functional Activities

Questionnaire (FAQ) and the Six-Item Blessed, Orientation, Memory and Concentration

Exam (BOMC); both are recommended for screening by the Agency For Health Care Policy

Research (AHCPR).

The sample consisted of the initial visits of 609 normal, cognitively impaired or demented

subjects evaluated at the UC Irvine Alzheimer's Disease Research Center (ADRC). Using

published cuto� criteria for the FAQ (> 8 is demented) and the BOMC (> 10 is demented)

tests gave classi�cation accuracies of 73% and 64% respectively. Combining the cuto�

criteria gave a 60% classi�cation accuracy.

On this same sample, we applied four ML algorithms using the FAQ and BOMC test

response results. ML methods obtained 86% overall classi�cation accuracy, an increase of

13-24% over conventional cuto� criteria. For the cognitively impaired group, classi�cation

accuracy was 24% using cuto� criteria, and 61-64% using ML methods, representing a

37-40% improvement.

ML methods extract more information from these AHCPR-recommended tests to in-

crease substantially their accuracy in detecting cognitive impairment and dementia, and to

implement their combined use in a simple, descriptive way.

Keywords: Dementia, Cognitive Impairment, Rule-based systems, Expert systems, Ma-

chine Learning, Speci�city, Sensitivity, Functional activities, BOMC, Classi�cation



Introduction

Although there are a number of medical areas to which Machine Learning (ML) systems

have been applied, dementia has not been one of them. Yet dementia is a complex problem

with correct diagnosis requiring historical data, physical exam, cognitive testing, laboratory

studies and imaging. Although diagnostic accuracy using clinical NINCDS-ADRDA criteria

for probable AD1 is about 88% compared to post-mortem diagnosis2, most demented pa-

tients are seen by community physicians who often do not detect dementia3 or misdiagnosis

it4 . This problem is compounded by the average delay of 4 years between symptom onset

and �rst physician contact5, which usually relates to the patient's social embarrassment

about having a memory problem. At this point of the disease, physicians are less able to

slow the progression and minimize debilitating behavioral e�ects of the dementia. As an

example of an intervention which could have greater value if started earlier in the disease,

Lubeck et al.6, reported a 17% reduction in the $200,000 cost of AD patient care using cen-

tral cholinergic agonists (Tacrine). A simple, unobtrusive method for detecting dementia

early in the disease's course would help get patients to seek early evaluation and treatment.

Early detection and correct diagnosis can lead to disease-retarding therapies which can slow

disease progression and reduce patient and caregiver stress and morbidities.

With the Agency for Health Care Policy Research's7 recent development of clinical

practice guidelines for the assessment and recognition of Alzheimer's disease and related

disorders, simple tests have been identi�ed and recommended from a meta-analysis of the

dementia literature. After excluding delirium and depression, two forms, the Functional

Activities Questionnaire (FAQ8, and the six-item Blessed Orientation, Memory and Con-

centration test (BOMC9) can be used to determine if a person has a dementia, which

is de�ned as multiple cognitive impairments with loss of functional skills related to those

cognitive impairments without an altered level of consciousness. Although the AHCPR

provided a ow chart to assist dementia detection, they left to the clinician how to combine

the test results in determining if a patient has a dementia. ML methods can simplify the

task of interpreting test results by constructing a set of criteria to classify the patient. In

this article, we report the use of the FAQ and BOMC tests in conjunction with four ML

systems on a sample of 609 patients and controls evaluated at the UC Irvine Alzheimer's

Disease Research Center. The goal was to determine whether ML methods improve the

accuracy of these dementia screening tests for classifying a subject as either unimpaired,

cognitively impaired, or demented.

Methods

Sample Description

The sample consisted of the initial visits of 609 subjects seen either as controls or as pa-

tients. Patients were concerned about their memory at the University of California, Irvine

Alzheimer's Disease Research Center (ADRC). Patients received a complete diagnostic eval-
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uation consisting of patient and caregiver interviews, general physical and neurological

exam, two hours of cognitive testing including the CERAD10 neuropsychological battery

and other selected tests, routine laboratory testing for memory loss, magnetic resonance

neuroimaging with or without single photon emission with computed tomography. Controls

were either community volunteers or una�ected spouses of patients, and received an abbre-

viated, 45 minute version of the patient cognitive battery, which consisted of the CERAD

plus measures of activities of daily living. They did not receive a medical exam, laboratory

testing or neuroimaging unless cognitive or functional testing suggested an impairment.

Subjects with delirium were excluded from the analysis.

Classi�cation of Dementia Status

The diagnosis of dementia status, using DSM-IV criteria11, was based on a review of all

the data by the neurologist and neuropsychologist during their diagnostic review session.

Each subject was categorized as either unimpaired, or cognitively impaired but not meeting

criteria for dementia, or demented. A classi�cation of dementia required the presence

of multiple cognitive impairments plus functional impairments resulting from the cogni-

tive impairments in the absence of delirium or other non-organic etiologies such as major

depression. Table 1 shows the sample's characteristics.

BOMC and FAQ tests

The BOMC consists of six questions and the FAQ consists of ten questions. Together they

provide a simple means of assessing cognitive and functional status. The answers to these

questions were extracted from the UCI ADRC relational database of over 2,000 variables

per subject visit to compute the BOMC and FAQ scores.

Machine Learning Systems

We applied four ML systems to the sample, namely C4.5 and C4.5 Rules12, Naive Bayes13,

and IB114 from the machine learning library, MLC++15. C4.5 learns a decision tree to

classify dementia state based on the input data's values, which are called attribute values.

C4.5 applies a hill climbing heuristic search16 to �nd attributes that split the data set. At

each decision point, an information gain metric using entropy17 is applied to �nd the best

attribute for splitting the cases into homogeneous groups according to their class. This

recursive process ends when all or many of the examples in the group are of the same class.

During classi�cation, the test case is processed through the tree until a leaf node is reached.

The class of the leaf node is the predicted class of the test case. C4.5 Rules simpli�es C4.5's

decision tree and converts it into a set of if-then rules.

The Naive Bayes ML uses Bayes theorem to calculate, for an unclassi�ed case (E), the

probability of each dementia class given the unclassi�ed example's attribute values using

the following formula:

2



P (CijE) = P (CijA1 = V1j&:::&An = Vnj)

where Ci is a class, Ai is the ith attribute, Vij is the jth value for Ai, and there are n

attributes. If the attribute values are independent this probability reduces to

P (CijE) = P (Ci)
Y

P (Ak = Vkj jCi)

where P (Ak = Vkj jCi) and P (Ci) are estimated from the training data. The class with the

highest probability is chosen as the class of the test case.

The last ML method applied, IB1, is an instance-based learner that stores all training

cases during its learning phase. During classi�cation, the test case is compared to all

training cases and the distance to each case is computed. For each test case, the distance

between its attribute values and those of each training case is computed. IB1 assigns to the

test case the class of the training case having the shortest distance to the test case.

Analytical Design

To establish benchmarks, we determined DSM-IV dementia status classi�cation accuracy us-

ing the conventional cuto� criteria reported for the FAQ (>8 indicates functional impairment8

) and BOMC (>10 is demented7). Since no criteria are speci�ed for interpreting the com-

bined results of the FAQ and BOMC scores, we stipulated that both tests must fall below

the cuto� criteria to classify a subject as unimpaired, or both tests must be at or above the

cuto� criteria to classify a subject as demented. Those subjects falling in between these two

ranges were classi�ed as cognitively impaired but not meeting criteria for dementia. These

results appear in Table 2.

To test the potential predictive power of ML systems for classifying dementia status

in this clinical sample, we used the normalized total scores of the BOMC and FAQ tests

together with their item scores plus patient age, education, sex. These data constitute the

attributes of the examples used by the ML system. The attributes of a training sample of

patient examples are used to generate criteria to classify a patient's DSM-IV dementia state

(normal, cognitively impaired or demented).

We ran these ML systems with a training and a testing sample. The ML system learns

a description of the dementia classes from the training sample, which is randomly selected

from the 609 examples. From the attributes, each ML method creates classi�cation criteria

to be evaluated with the testing sample, which is composed of all examples not included in

the training sample. The classi�cation accuracy of an algorithm is the number of correct

predictions divided by the total number of predictions. To view the e�ect of increasing

the size of the training sample, we experimented with training set sizes of 112, 223, 335,

and 447 examples by randomly allocating the appropriate numbers of subjects for each

training set, and applying each of the four ML algorithms to the FAQ and BOMC data

to generate classi�cation criteria, which were then run on the testing sample to compute

dementia status classi�cation accuracy. We repeated this process 30 times for each training
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sample size to obtain estimates of the variances of the classi�cation accuracies obtained by

the four ML algorithms.

Results

Table 1 shows the distribution of subjects by dementia status. As is true of many clinical

samples, normal and cognitively impaired subjects represent a smaller fraction of the sample

than the demented subjects (6.9% and 17.6% vs. 75.5%). There are more females than males

(58.9% vs. 41.1%) with similar distributions across each dementia group (6.7% vs. 7.2% for

normals, 13.9% vs. 22.8% for cognitively impaired, and 79.4% vs. 70% for demented). The

normal and cognitively impaired groups have fewer subjects over age 65 than the demented

group (4.9% and 13.7% vs. 81.4%), fewer subjects with skilled jobs than the demented

group (14.3% and 23.3% vs. 62.4%), and fewer subjects with college education than the

demented group (10.4% and 24.2% vs. 65.3%).

Table 2 shows the sensitivities, speci�cities and predictive values obtained using the

AHCPR-recommended cuto� scores for the FAQ and BOMC tests without the ML methods.

For the FAQ, sensitivity in detecting dementia is 82.8% and speci�city in detecting normal

is 100%. However, for the high risk group, cognitive impairment without dementia, only

18.7% of these subjects would be classi�ed as having a problem (i.e., dementia). For the

BOMC, sensitivity in detecting dementia is 74% and speci�city in detecting normal is 100%.

However, for the high risk group, cognitive impairment without dementia, only 7.5% of the

cognitively impaired subjects would be classi�ed as having a problem (i.e., dementia). Using

the cuto� criteria of the FAQ and BOMC tests combined, one can classify those below the

cuto� for both tests as normal, those above the cuto� for both tests as demented, and those

in between as cognitively impaired. For the FAQ and BOMC tests combined, sensitivity in

detecting dementia is 64.4% and speci�city in detecting normals is 100%. Again, sensitivity

is very poor for detecting cognitive impairment (24.3%). The predictive values (classi�cation

accuracy) for the FAQ, the BOMC, and the FAQ/BOMC combined tests are 73%, 64% and

60% respectively, for the sample of 609 subjects.

Figure 1 shows the results when ML methods are applied to the BOMC and FAQ tests'

data to classify DSM-IV dementia status. The x-axis represents the number of patient

examples in the training sample and the y-axis represents the ML algorithm's classi�cation

accuracy. Each data point in the �gure is the mean of 30 runs. There is one curve of points

for each of the four ML systems. All the ML systems except IB1 approach similar predictive

values (classi�cation accuracies) of 84.3%. The maximum standard deviation was 0.64% for

any point.

The classi�cation accuracies of each ML method used in conjunction with the FAQ and

BOMC test results from the 609 subjects with a training sample size of 449 subjects are

shown in Table 3. All ML methods tested show Compared to the FAQ and BOMC classi�-

cation accuracy using published cuto� criteria, the C4.5 results show a 27.8% improvement

in detecting dementia and a 36.5% improvement in detecting cognitively impaired subjects.

The price paid is a 29.1% decrease in correctly classifying normals. This price is acceptable
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for screening purposes. Comparing the cuto� criteria results with those obtained using

C4.5 Rules shows a 28.2% improvement in detecting dementia and a 39.5% improvement in

detecting cognitively impaired subjects. The price paid is a 34.2% decrease in correctly clas-

sifying normals. Comparison with IB1 and Naive Bayes methods give similar improvements

in the ability to detect cognitive impairment and dementia.

The two algorithms, C4.5 and C4.5 Rules, also generate easily understandable descrip-

tions of how to classify a subject's dementia status. Some of the conditional statements

generated by C4.5 Rules for classifying dementia status appear in Table 4. The percent-

ages listed in brackets are the percent accuracy of the given rule for a testing sample. The

rules should be tested in sequence. All of the conditions for a given rule must be true for

the rule to apply. If no rules are true, then the default class, demented, is predicted.

Discussion

Of reported studies of diagnostic accuracy for dementia using the cuto� criteria for the

BOMC, Watson et al.18 reported an 82% sensitivity for detecting dementia and an 88%

speci�city for detecting normals (predictive value = 85%) among 76 skilled nursing facility

residents. Pfe�er19 reported a 93% dementia detection sensitivity and a 68% speci�city

of detecting normals among 158 SDAT subjects and 419 community controls (predictive

value = 74.8%). The lower classi�cation accuracies we obtained using the published cuto�

criteria for the BOMC (74%) may result from a more heterogeneous sample: for non-

normal subjects, 35.4% have Alzheimer's Disease, 21% have Vascular dementia, 23.4% have

a mixed etiology, and 20.2% have other causes. Since the BOMC is heavily-weighted towards

memory, as its name implies, a more heterogeneous set of dementia etiologies which do not

equally impair memory may explain the lower classi�cation accuracy we obtained with the

published criteria. We have obtained permission to analyze the national Alzheimer's registry

database, CERAD, to determine whether the improvements obtained using ML methods in

this study with a heterogeneous sample can be obtained with less heterogeneous samples.

Validity studies using the BOMC have lumped the normal and cognitively impaired

categories together. The AHCPR recommends using a total BOMC score greater than

10 to indicate dementia. Using ML methods in conjunction with the BOMC and FAQ

tests allow the formation of explicit criteria that can distinguish normal from cognitively

impaired from demented subjects. The AHCPR committee has emphasized the importance

of identifying subjects with cognitive impairment since they are a very high risk group

amenable to early evaluation, di�erential diagnosis and intervention.

Do these results generalize to the population of all persons at risk for dementia? To

the extent that this sample represents such a population, they do generalize. Relative to

other reports on the validity of the BOMC, the heterogeneity of etiologies of dementia and

cognitive impairment in our sample is more representative of what exists in the population.

The best validation sample, of course will be a prospectively followed, random community

sample.

How do ML methods improve predictive value over that obtained using conventional
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criteria? ML methods use a variety of methods for learning about data. They perform a

heuristic search over the data looking for regularities. In this study, each ML algorithm

uses a di�erent method for �nding attributes that are predictive of dementia status. C4.5

and C4.5 Rules search to combine attributes from the BOMC and FAQ data, which may

not be easily visible, but nevertheless aid in classifying dementia status. Naive Bayes looks

for regularities by examining the prior probabilities of attributes using Bayes theorem. IB1

looks for examples in the training sample that look similar to unclassi�ed cases to predict

dementia status. Generally, Machine Learning systems create a more complex description

of the dementia status, resulting in better discriminating power over conventional criteria.

The results from each ML method di�ered from each other since each ML method is

specialized to work on domains with particular characteristics. The searching heuristics

and learning methods implemented in the ML systems greatly inuence their classi�cation

performance. Since each ML system applies a di�erent method for learning dementia state,

their classi�cation accuracies will di�er.

Conclusion

This analysis demonstrates that in the absence of delirium, the FAQ and BOMC tests, used

in conjunction with ML methods improve the correct classi�cation of cognitively impaired

and demented subjects by 28-40% over the use of the FAQ and BOMC tests using published

cuto� criteria. More importantly, the largest improvements in detection are for the very

high risk group, cognitively impaired but not su�cient to meet criteria for dementia. The

29%-34% decline in correctly classifying normals is acceptable for most screening purposes.

Since the FAQ and BOMC tests require minimal training to give and perform, they

can be used in variety of health care and possibly home settings. ML methods used with

these two tests provide simple, unambiguous, logical statements (see Table 4) to classify a

patient's dementia status more precisely and accurately than do published criteria.

Future work will use ML systems in conjunction with other AHCPR-recommended tests

involved in the assessment of dementia to implement AHCPR guidelines in a straightforward

fashion for use by subjects as well as clinicians in detecting early cognitive impairment and

dementia. Future research will also focus on improving the ML classi�cation accuracy of

61%-64% on the high risk cognitive impairment group.
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Table 1
Sample Characteristics by Dementia Status

normal Cog Imp Demented Total

Males 18 57 175 250

Females 24 50 285 359

Over Age 65 25 70 415 510

Under Age 65 17 37 44 98

> 12 Yrs Education 34 79 213 326

<= 12 Yrs Education 8 28 244 280

Skilled Jobs 38 62 166 266

Unskilled Jobs 1 5 70 76

# of Subjects 42 107 460 609
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Table 2
BOMC Prediction of Dementia DSM-IV dementia status

normal Cog Imp Demented Total

normal 42 99 119 260

demented 0 8 341 349

Total 42 107 460 609

FAQ Prediction of Dementia DSM-IV dementia status

normal Cog Imp Demented Total

normal 42 87 79 208

demented 0 20 381 401

Total 42 107 460 609

BOMC and FAQ Combined Prediction of Dementia DSM-IV dementia status

normal Cog Imp Demented Total

normal 42 80 34 156

Cog Imp 0 26 130 156

Demented 0 1 296 297

Total 42 107 460 609
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Figure 1. % Correct Classi�cation of Dementia Status vs. Number of Learning Trials for

Four ML Methods.
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Table 3
Probability (%) of Correct Classi�cation of Dementia Status by each ML method

DSM-IV dementia status

ML Method Normal Cognitively Impaired Demented Overall

C4.5 70.9 60.8 92.2 85.5

C4.5 Rules 65.8 63.8 92.6 85.9
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Table 4. A sample of exemplary rules from C4.5 Rules.

Rule 1:

IF count_20_backwards_to_1_score <= 1 AND Recall_item1_score > 0 AND

FAQtotal <= 0.1 AND age > 69

THEN class normal [83.3%]

Rule 2:

IF Total_BOMC_Error_Score > 0.178571 AND FAQ1 > 0 AND

FAQtotal > 0.1 AND age > 55

THEN class demented [98.6%]

Rule 3:

IF Total_BOMC_Error_Score <= 0 AND FAQtotal > 0.1 AND age <= 72

THEN class cognitive_impairment [85.2%]

...

...

Default class: demented
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