
3CAP: Categorizing the Cognitive Capabilities of Alzheimer’s
Patients in a Smart Home Environment

Kate M. Bowers
Oakland University
Rochester, MI, USA

kmlabell@oakland.edu

Reihaneh H. Hariri
Oakland University
Rochester, MI, USA

rhosseinzadehha@oakland.edu

Katey A. Price
Albion College
Albion, MI, USA
kprice@albion.edu

ABSTRACT
Alzheimer’s disease is a progressive illness that affects more than
5.5 million people in the United States with no effective cure or
treatment. Symptoms of the disease include declines in memory and
speech abilities and increases in aggression and insomnia. Recent
research suggests that NLP techniques can detect early cognitive
decline as well as monitor the rate of decline over time. The pro-
cessed data can be used in a smart home environment to enhance
the level of home care for Alzheimer’s patients. This paper proposes
early-stage research in software engineering and natural language
processing for quantifying and evaluating the patient’s cognitive
state to determine the required level of support in a smart home.

CCS CONCEPTS
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• Social and professional topics → Medical records; Software
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1 INTRODUCTION
Over 5.5 million people in the United States have been diagnosed
with Alzheimer’s disease [1], making the disease a top-ten leading
cause of death with no cure or effective form of treatment. As a
result, 15 million family members and friends provide unpaid care
to those suffering from Alzheimer’s. In the next 11 years the el-
derly population (i.e., ages 65 and older) will grow by 60% while
younger populations remain the same [3, 19]. The negative effects
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of moving to a dementia unit at a nursing care facility (e.g., stress,
costs, cognitive decline) can be delayed if the individual is allowed
to stay at home for as long as possible [24]. Research suggests that
installing a variety of embedded devices that monitor patient health
and safety in the home can delay institutionalization [11]. Establish-
ing a medically-oriented smart home for early-stage Alzheimer’s
patients may help combat the impending manpower deficit, provide
a cost-effective solution for patients, and reduce the demand on
family or friends to become full-time caregivers.

CAL (Cognitive Assisted Living), an architecture for a self-adaptive
smart home system, was recently introduced to support Alzheimer’s
patients by changing its configurations at run time in response to
the decline in the patient’s cognitive health [11]. Configuration
changes may include overriding patient decisions in the household
if the decisions put the patient in a potentially dangerous state
(e.g., if the patient releases gas in a fireplace but forgets to ignite
it). To accurately determine changes in configurations and the pa-
tient’s cognitive capabilities, CAL interacts with the patient on a
semi-regular basis (e.g., every day or week). Currently, patients are
diagnosed with Alzheimer’s disease after a doctor asks the patient
a series of questions designed to test the patient’s verbal, spatial,
and reasoning skills [2, 4, 18]. However, a single evaluation may
not provide enough data for an adaptive smart home system to
determine an optimal reconfiguration strategy. For example, a pa-
tient in the early stages of Alzheimer’s may not need as high of a
degree of monitoring or as many decision overrides as a patient in
the moderate stages of the disease. To this end, we introduce 3CAP
(Categorizing the Cognitive Capabilities of Alzheimer’s Patients)
that combines natural language processing (NLP) and software en-
gineering techniques to evaluate the decline in verbal and reasoning
skills associated with Alzheimer’s disease and provide as input the
level of support required to a medically-oriented smart home.

3CAP presents early-stage research to implement the initial steps
of CAL with regard to interacting with patients and evaluating
the required level of support in the smart home. CAL provides the
interface to the patient (e.g., through a tablet) as well as a prede-
termined set of questions similar to memory screening questions.
3CAP accepts from CAL an audio file of patient responses, converts
the audio file to a string of text, uses NLP data to evaluate how
well the patient answered the questions, and finally sends CAL a
variable indicating how much support to provide the patient. Al-
though 3CAP evaluates the patient responses, CAL is ultimately
responsible for determining optimal reconfiguration strategies and
when or whether to perform reconfigurations. For example, if 3CAP
determines that a patient consistently answers questions correctly,
CAL may turn off sensors that monitor sleep and activity, allow
manual changes to the thermostat or home security system, and
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disable reminders to take medications. In contrast, if 3CAP finds
that the patient begins to consistently answer questions incorrectly,
CAL may perform a reconfiguration to turn on sleep and activity
sensors, automatically operate the thermostat and security system,
and enable prescription reminders.

3CAP evaluates a patient’s response to a mental health screen-
ing question in five parts. First, the patient’s recorded response
is converted from an audio file to a string of text. Second, NLP
techniques such as latent semantic analysis (LSA), part of speech
(POS) tagging, and term frequency-inverse document frequency
(TF-IDF) evaluate sentence length, sentence validity, word complex-
ity, and word validity, while N-gram modeling is used to count the
number of syllables per word [6, 12, 20, 23, 25]. Third, a set of utility
functions [10, 21, 26] are defined to quantify the patient’s response
with regard to syntax, vocabulary, and accuracy metrics. Fourth,
a linear weighted sum provides an overall score to the question,
where a weight is assigned to each utility function to indicate the
relative importance of each metric in evaluating the question. Fi-
nally, the response score is categorized into (1) highly independent,
(2) somewhat independent, (3) somewhat dependent, and (4) highly
dependent and sent to CAL.

The remainder of the paper is organized as follows. Section 2
presents background information on Alzheimer’s disease, smart
homes, and utility functions in self-adaptive systems. Section 3
outlines our approach and Section 4 details related work. Finally,
Section 5 provides a discussion and presents future applications.

2 BACKGROUND
This section provides background information on Alzheimer’s dis-
ease, smart homes, and utility functions in goal modeling.

2.1 Early-Stage Alzheimer’s Disease
Alzheimer’s disease, the most common of over two dozen types
of dementia, is caused by a buildup of plaques and proteins in the
brain, causing cell death and brain shrinkage over time [1]. Patients
afflicted with Alzheimer’s experience behavioral changes (e.g., gen-
erally becoming more aggressive), loss in spatial and reasoning
skills (e.g., have trouble budgeting, organizing, or driving), and
progressive aphasia (i.e., the gradual loss of speech abilities) [1].
Although patients in the early stages of Alzheimer’s may be able
to function independently, the progressive nature of the illness
will eventually require patients to have assistance with activities
of daily living (ADLs) such as bathing, eating, getting dressed, or
using the bathroom [1, 8].

2.2 Smart Homes
Smart homes are generally realized as Internet of Things (IoT)
ecosystems and can provide users extended services not normally
included in a typical household [14]. Extensive research in the smart
home domain includes health care applications for elderly resi-
dents [9, 14, 15]. Smart homes can provide care to patients without
inducing the confusion and stress associated with transfers to nurs-
ing homes or extended care facilities [24]. Some examples of medical
smart home devices may include wearables (e.g., smart watches, pe-
dometers), door sensors for potential wander risks, thermostats (e.g.,
Nest), monitoring prescription consumption, and voice-activated

capabilities such as Amazon’s Alexa and Google Home [15, 27].
These smart home devices typically have static configurations that
may become sub-optimal over the patient’s lifetime (i.e., changing
medication or activity levels).

2.3 Utility Functions
Utility functions have been used to quantify the degree of satisfac-
tion (i.e., satisficement) of software requirements at design time and
run time [10, 21, 26]. A utility value of 0.0 equates to a requirement
violation, 1.0 equates to complete requirement satisfaction, and any
value within range of (0.0, 1.0) indicates a degree of requirement
satisficement [7].

For example, a smart home may have a requirement to minimize
the number of inactive devices, where a device may be considered
inactive if it cannot send or receive data. Expression 1 shows the
utility function for the requirement to Achieve [Num Inactive
Devices == 0].

util =


1.0 if Num Inactive Devices == 0

x if 0 < Num Inactive Devices < 20% of total devices

0.0 if Num Inactive Devices ≥ 20% of total devices

(1)

If no devices are inactive (i.e., all devices are sending and receiving
data), then the utility value is 1.0. If at least one device, but less than
20% of the total number of devices in the smart home, are inactive,
the utility value linearly decreases (e.g., if 10% of the devices are
inactive, then the utility value is 0.5). If more than 20% of the devices
in the smart home are inactive, the utility value is 0.0 to indicate a
requirement violation.

3 APPROACH
This section overviews the 3CAP technique. Figure 1 presents a
data flow diagram that illustrates the process used by 3CAP, taking
as input an audio file that records patient responses and outputs
a variable with values ranging from 1 to 4. An output value of
1 indicates the lowest level of required support and a value of 4
indicates the highest level of required support. We next detail each
step of the 3CAP technique.
(1) Convert Speech to Text. Questions 2-6 demonstrate examples
of questions performed in a doctor’s office during a cognition and
memory screening test [2, 4, 18].

What is today’s date? (2)
Tell me as many animals as you can think of in 30
seconds.

(3)

Can you tell me something that happened in the
news recently? (4)

Remember these 3-5 words and repeat them back to
me.

(5)

Spell a word (e.g., WORLD) backwards. (6)

Note that each question can be varied slightly but still generate
similar patient responses. For example, Question 3 may replace
the word “animals" with other categories such as fruit, vegetables,
plants, etc. while Questions 5 and 6 can list any number of randomly
generated words from a predetermined database.

To perform NLP, the audio file must first be converted to a string
of text. A variety of external services offer state-of-the-art speech
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Figure 1: Data flow diagram of 3CAP technique
conversion capabilities, such as Google Cloud Speech API or Ama-
zon Alexa Voice, and are applied here.
(2) Apply NLP to Audio File. Traditionally, memory screening
questions evaluate patient responses predominantly in terms of
accuracy (i.e., whether the patient answered each question correctly
or incorrectly) [2, 4, 18]. However, poor sentence structure, vocabu-
lary, and semantic intent could additionally be potential indicators
of cognitive decline in Alzheimer’s patients [20, 25]. Similarly, we
consider three verbal classifications as software requirements: (1)
syntax, (2) vocabulary, and (3) accuracy. Each question is divided
into these three classifications (i.e., Question 1 is evaluated with
syntax, vocabulary, and accuracy). Failures in these requirements
may be used indicate the decline in verbal and reasoning skills of
Alzheimer’s patients.

3CAP uses POS tagging, LSA, and TF-IDF to evaluate sentence
length, sentence validity, word complexity, and word validity [6,
12, 20, 23, 25]. These four metrics are further used to evaluate
the syntax and accuracy of the patient’s response to a screening
question. Similarly, the syllable-N-gram model is used to count the
number of syllables per word that is then applied in the evaluation
of the vocabulary in the patient’s response.
(3) Calculate Utility Functions. The syntax, vocabulary, and ac-
curacy metrics are modeled as software requirements in a self-
adaptive system and evaluated using utility functions [10, 21, 26].
For example, to evaluate the accuracy of Question 1, Equation 7
indicates that the patient completely satisfied the question, with a
utility value of 1.0, if the correct date, month, and year were given. If
all three fields are incorrect, the patient completely failed, yielding a
utility value of 0.0. However, if the patient responds with a mixture
of right and wrong answers, the utility function is a linear value x
between the upper and lower thresholds For example, Question 1’s

accuracy is 0.67 if the patient correctly gave the month and year
but the wrong date.

util(accuracy) =


1.0 if date, month, and year are correct

x if 0 < Num Correct < All Correct

0.0 if date, month, and year are incorrect

(7)

Additional utility functions evaluate the vocabulary and syntax of
Question 1. Note that utility functions for the same verbal categories
will vary for different questions. For example, the accuracy utility
value of Question 2 may be 1.0 if the patient can list more than five
items in the given category in contrast to Question 1, where the
accurate requirement is only completely satisfied if the patient gets
all three facts correct.
(4) Calculate Score. Once utility values for each verbal classifica-
tion are determined, a linear weighted sum evaluates the satisfice-
ment of the entire question, as a single question does not necessarily
use each verbal category equally. For example, Questions 2, 5, and 6
focus primarily on accuracy to test patient recall and do not ask
the patient to construct sentences. In contrast, Question 4 allows
the patient to tell a story or one-sided conversation that uses full
sentences and can therefore be analyzed syntactically. Furthermore,
Question 3 tests the patient’s vocabulary by asking for a list of
as many words as possible in a given category, but also analyzes
accuracy as objects should not be listed with animals. Therefore,
we propose to apply weights to the syntax, vocabulary, and accu-
racy for each question. The patient’s response to a single screening
question is evaluated as an aggregate utility function in Equation 8.

util_value =(utilaccuracy ∗weiдhtaccuracy )+

(utilvocabulary ∗weiдhtvocabulary )+

(utilsyntax ∗weiдhtsyntax )

(8)

Note that the summation of the verbal category weights must equal
1.0. Each weight associated with a verbal category varies per ques-
tion. The summation of weighted utility values is output as a re-
sponse score.
(5) Categorize Support. A response score estimates the patient’s
cognitive capabilities that can be used to classify the level of support
a smart home needs to provide, shown in Table 1.
Table 1: Categories of required level of support based on pa-
tient response score.

Level of Required Support Response Score
(1) Highly independent 0.75 < x <= 1.0
(2) Somewhat independent 0.5 < x <= 0.75
(3) Somewhat dependent 0.25 < x <= 0.5
(4) Highly dependent 0.0 <= x <= 0.25

The response score, with values ranging from 1.0 to 0.0, is linearly
divided into four categories. A response that answers the given
question perfectly has an associated response score of 1.0, resulting
in a highly independent state for the smart home (e.g., lower degree
of health monitoring and medication reminders). A completely in-
correct response is associated with a response score of 0.0 and puts
the smart home in a highly dependent state (e.g., the highest degree
of health monitoring). The categories of somewhat independent
and somewhat dependent correspond to moderate degrees of health
monitoring (e.g., enable sensors in the household to collect data but
do not override manual thermostat settings).
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4 RELATEDWORK
NLP is increasingly being used in medical applications, such as
translating doctor notes or medical reports [5, 16, 22]. Mobile
apps [13, 29] and digital tests [17, 28, 30] have allowed patients
to take screening evaluations from the comfort of their homes and
obtain a diagnosis. Other approaches similar to 3CAP use NLP to
detect or predict Alzheimer’s disease in patients [6, 20, 23] but
do not extend their evaluations to smart homes. Although cer-
tain smart homes address a variety of health care needs, including
healthy, autistic, or elderly users [9, 14], the progressive nature
of Alzheimer’s disease may be better addressed with an adaptive
smart home [11].

5 DISCUSSION
This paper presented 3CAP, an early-stage approach that combines
NLP, utility functions, and linear weighted sums to evaluate verbal
responses of Alzheimer’s patients to memory screening questions
and determine the required level of support for a medically-oriented
smart home. 3CAP first converts the input audio file to text and uses
NLP techniques to extract data from the recorded patient response.
The NLP data is used to calculate utility functions that evaluate
the syntax, accuracy, and vocabulary. A linear weighted sum ap-
plies weights to each utility function according to the intent of the
question. Finally, the linear weighted sum is used as a response
score to categorize the required level of support, where a value of
1 indicates the lowest level of system support and 4 indicates the
highest level of system support. The smart home then determines
an appropriate response (i.e., increase or decrease the degree of
monitoring patient activities and health).

Future directions for this research include simulating 3CAP against
e-books for specific age groups, implementing the technique via an
Android tablet, obtaining user stories to improve patient feedback
while avoiding confusion, and building the smart home as a whole.
Furthermore, obtaining data from actual patients rather than sim-
ulated input may yield more accurate results and unveil patterns
not yet discovered in the decline of speaking abilities associated
with Alzheimer’s disease, especially if the processed data can be
validated with a doctor’s diagnosis.
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