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Abstract: Parkinson’s disease (PD) is the second most common progressive neurodegenerative disor-
der affecting patient functioning and quality of life. Aside from the motor symptoms of PD, cognitive
impairment may occur at early stages of PD and has a substantial impact on patient emotional and
physical health. Detecting these early signs through actual daily functioning while the patient is
still functionally independent is challenging. We developed DailyCog—a smartphone application
for the detection of mild cognitive impairment. DailyCog includes an environment that simulates
daily tasks, such as making a drink and shopping, as well as a self-report questionnaire related
to daily events performed at home requiring executive functions and visual–spatial abilities, and
psychomotor speed. We present the detailed design of DailyCog and discuss various considerations
that influenced the design. We tested DailyCog on patients with mild cognitive impairment in PD.
Our case study demonstrates how the markers we used coincide with the cognitive levels of the
users. We present the outcome of our usability study that found that most users were able to use
our app with ease, and provide details on how various features were used, along with some of the
difficulties that were identified.

Keywords: eHealth; mobile healthcare; mild cognitive impairment; Parkinson’s disease

1. Introduction

Parkinson’s disease (PD) is the second most common progressive neurodegenera-
tive disorder, affecting about 1% of the elderly population, and its multifaceted motor
and non-motor afflictions have profound effects on patient functioning and quality of
life [1,2]. Among the non-motor symptoms of the disease, both cognitive impairment
(CI) and dementia and their implications for patient quality of life have been increasingly
recognized [2,3]. Studies show that the onset of PD-specific pathology in the nervous
system may precede the first appearance of classical motor features by several years.
Mild cognitive impairment (MCI) in PD patients without dementia is present in 25%
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of newly diagnosed patients [4]. The detection of PD prior to the emergence of motor
manifestations is of great importance [1], as MCI in PD patients may have a greater effect
on the individual’s daily function abilities and thus their emotio-socio-behavioral status [5].
However, the question of how to detect MCI in a phase in which they are still functionally
independent, not dependent on their caregivers, is still unclear [6].

The International Parkinson’s and Movement Disorder Society (MDS) defined diag-
nostic criteria guidelines for PD-MCI [7]. Nevertheless, there are many questions as how to
practically apply the PD-MCI diagnosis [8]. Although formal neuropsychological testing
is the mainstay of MCI diagnosis, researchers have criticized using these assessments as
measuring specific cognitive domains, not designated specifically for PD, due to lack of
standardization and cutoff scores [4,7].

Deficits in executive functions (EF), memory, visual–spatial abilities, and psychomotor
speed [3,9] have been mentioned as indicative of a possible cognitive underlying mech-
anism, as well as relationships with daily function abilities. Furthermore, it was found
that activity performance time indeed reflects EF abilities [10–12]. As medical diagnoses
and clinical judgments are typically derived from changes of condition [13], evidence from
daily functioning is usually obtained by standardized self-report scales, to find the best
markers of the initial stage of the cognitive decline and for monitoring progression. Thus,
an assessment for early diagnosis and detection of PD-MCI should include real-world tasks
and self-report questions which may enable the identification of those cognitive deficits
through daily functioning in a real-life environment.

Smartphones enable “healthcare in the pocket” and are becoming an increasingly
important platform for delivering health interventions [14]. Smartphones offer a valid,
feasible and acceptable method for collecting patient health-related data [15–18]. The num-
ber of healthcare mobile applications used by people with varied healthcare needs is vast
and constantly expanding [16,19]. Specifically, smartphones have previously been used to
collect data for the study of PD. These studies focused mainly on the motor skill [20–23] or
speech [24] manifestations of the disease. Sometimes a combined approach was used for
the detection of MCI during progressive stages of PD, and cognitive aspects were detected
alongside falls and freezing [25].

Since we focus on the cognitive aspects of PD one might consider apps designed for
patients with dementia [26,27]. However, while dementia has clearly presented symptoms
that enable straightforward sensing and evaluation, in PD-MCI the clinical presentation is
less profound and harder to sense and measure.

Several very impressive projects already described the development of monitoring
systems for people with MCI. Among these are INLIFE (Independent Living support Func-
tions for the Elderly) cofounded by the European Union [28], HELMA eHealth monitoring
application [29] and the Remote Home Monitoring System to Support Informal Caregivers
of People with Dementia [30]. The main global aim of those projects is to support the elderly
with MCI in a variety of daily activities through supporting their caregivers and enabling
improved service to the elderly. Our purpose is to describe, in detail, a specific monitoring
app for detecting real-life activities in people’s homes, through their actual performance
when they are still independent, without the involvement of their caregivers. Our aim is to
detect the early signs of PD-MCI through the software’s markers, built upon tasks that re-
quire EF abilities, visual–spatial abilities, and psychomotor speed, without the need to use
other in-home sensors or a caregiver’s involvement. There seems to be agreement, found
in several survey studies, that while the need for MCI self-assessment tools is increasing,
the existing apps are of uncertain quality and more studies are required [31–33].

Our application focuses on the cognitive aspects of PD-MCI, while offering an engag-
ing and realistic environment. We target PD-MCI users (not caregivers), and aim to detect
MCI using tasks which reflect cognitive abilities through daily functional performance in
the early stages of PD. We based our design on studies that have pointed to the associa-
tion between MCI to deficits in executive functions (EF), memory, visual–spatial abilities,
psychomotor speed, and performance time [3,9–12]. Furthermore, special attention to
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the question of technology acceptance, adaptability and accessibility among the older
population was addressed in the current study, based on previous literature [34–37] and on
our team’s clinical and experimental experience.

The benefits of implementing a smartphone assessment application are both theoretical
and clinical:

1. Valuable information about cognitive abilities through small events and feelings
related to daily function, which are often lost, will be captured in real time and in a
real functional environment (the home) thus reflecting reality.

2. The collected data may provide better insights into daily events/tasks/measures,
which present the best descriptors of cognitive decline, as well as the relationships
between them.

3. Analyzing such data may lead to an improved definition of PD-MCI features that
could assist clinicians in identifying and detecting PD-MCI for focused intervention
methods and further research.

4. There is no need to trouble the patient to go to the clinic for evaluation.
5. The physician can receive information prior to a medical appointment and map out

the patient’s cognitive status.

The current study designed and implemented the DailyCog application on a smart-
phone for capturing and reporting this important information and enabling home health-
care. An earlier version of our work appears in Richardson et al. [18] and describes, in
short, the initial guidelines of our design. In this paper, we describe the DailyCog appli-
cation in detail, in its final form. Furthermore, we performed and describe a user study
with two purposes. The first, a case study performed on two patients to demonstrate the
feasibility of our application for MCI detection and monitoring. The second, a usability
study performed on 36 patients with PD-MCI to better define our app and discover the
strengths and weaknesses of our design for the detection of MCI. The results of our case
study and then usability test are presented and discussed.

This paper introduces the DailyCog smartphone application. In Section 2 we present
our design and describe DailyCog. Our user study is presented in Section 3 along with a
detailed description of the participants, a case study and a discussion on usability based
on our experiments, conclusions follow in Section 4.

2. DailyCog
2.1. DailyCog App Description

DailyCog is a smartphone application developed for phones with an android operating
system. Impairments in different cognitive domains of MCI may be associated with reduced
performance in different aspects of daily functioning. For that purpose, we developed
scenarios of real-life situations to reflect day-to-day activity performance characteristics
as a source of knowledge about the individual’s cognitive control ability. Addressing the
assignments in these scenarios will require the cognitive domains mentioned above (EFs,
visual–spatial abilities and memory skills), found to be related to deficient daily function
capabilities and include time measurements of activity performance to reflect EF abilities.

The application is composed of a training task and two evaluative tasks. The training
task is designed to familiarize the users with the application and the types of tasks they
will be required to perform. The two evaluative tasks are to be performed in the home
environment at preset intervals (detailed in Section 3.1) and are designed to reflect similar
EF abilities, enabling a comparison of functionality over time. The input inserted by
the user during their performance is recorded, as are other hidden measures such as the
duration of the task performance.

2.1.1. Task Description

The two tasks we designed are:

1. Preparing a hot drink.
2. Preparing a shopping list.
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These tasks are both considered everyday functional tasks, which can be performed at
home and require executive functions abilities, visual–spatial abilities, and psychomotor
speed [3,13]. They are similar in that they involve planning and collecting several items,
which are sorted in a list, following which the task is carried out and photographed by
the participant using the app. The similarity of the tasks from the point of view of their
functional and cognitive requirements, as well as the time they take, is an important factor,
as it enables the comparison of patient’s functional ability over time. We describe the
first DailyCog task in detail. The second task is similar in structure but focuses on a
different functionality.

In the hot drink task, users are guided through the process of preparing a hot drink.
They are first given a set of instructions and asked to confirm whether they have free time
to perform the task, then they are asked how many hot drinks they usually drink each day,
whether they usually prepare their own drink, and what they like to drink. Screenshots of
these instructions and questions are shown in Figure 1.

(a) Number of drinks. (b) Self preparation. (c) Preferred drink.
Figure 1. Introductory questions.

Next they are guided through the process of preparing a hot drink. They are asked
how long they expect the preparation to take.

The most complex task is to order a list of functionalities that are used in drink
preparation. DailyCog presents a list of items such as: add milk, boil water, stir, take cup
out, put coffee in cup etc. These functions appear in boxes as shown in Figure 2a and need
to be sorted in a logical order. The list is longer than most screens and requires the user to
be able to scroll down. Ordering is performed using “drag and drop”.

Once the ordering is completed, the user is advised to boil the water and take out
all the items needed to prepare the drink, place them on a countertop and to enter the
number of items into the DailyCog app. After items are placed on the countertop, DailyCog
requests that a photo be taken of all items, as shown in Figure 2b. Please note that a photo
can be taken several times. The number of attempts is recorded. When the photo has been
taken, the user is asked if the water has boiled, advised to actually prepare the drink and
then to take a photo of the drink as shown in Figure 2c, and again the number of attempts
made is recorded.
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(a) Ordering task. (b) Items photo. (c) Drink photo.
Figure 2. Examples of sub-tasks performed during drink preparation.

Finally, the user is asked how easy the preparation was (Figure 3a), and how long
he/she estimates that it took to prepare the drink (Figure 3b). The user is thanked, and
then asked to fill out a self-evaluation questionnaire, as described in Section 2.1.2.

(a) (b)
Figure 3. Self-evaluation: as part of the task (a,b).

The second task is similar in structure to the hot drink task, but involves preparing a
shopping list. In both tasks the user is required to answer questions about time estimates, to
put items in a defined place and photograph them, to order a list of the functions that need
to be performed, and to answer the same self-evaluation questionnaire. This repetitive
structure performed at different time intervals is designed to enable tracking of the users’
cognitive condition over time. Please note that we focused on a specific set of limited
and well-defined tasks to enable a controlled experiment that is similar to evaluations
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performed by clinicians. This is not an attempt to capture all the activities performed by
users, as is sometimes done in Ambient Assisted-Living settings that monitor all activities.

2.1.2. Self-Evaluation

The final part of DailyCog includes a self-evaluation questionnaire, comprising se-
lected items from the DLQ (Daily Living Questionnaire [38]). The items are not part of the
tasks. Rather, they document the user’s self-reported cognitive state, providing another
layer in the diagnosis. The self-evaluation questionnaire is given in both stages of the
experiment, once after completion of the hot drink task, and then again after completion of
the shopping list task. The items we used relate to how the users rank their ability to think,
to function, to do what they need or want to do, and how their tasks and responsibilities
have changed since becoming ill. The DLQ scores range from 1 (excellent/no change) to 5
(poor/completely changed).

2.1.3. Data Collection

DailyCog collects two kinds of data. First, all data entered by the user is collected:
the times the user enters, the list ordering, the photos taken etc. Secondly, there is a set of
hidden markers collected during use. For example, the time that the user spent on each
screen, the actual time the user spent making the drink, flipping back and forth between
screens. There is also an option to ask for help, or to have the text on a screen read aloud.
Any use of these activities is logged for future analysis. A complete list of all the data we
collected sub-task can be found in Table 1. The sub-tasks for which we recorded the time
duration are tagged with a ‘Y’.

Table 1. Recorded data and markers.

Marker Name Description (Task Data Recorded) Task Time Recorded

date Date task is performed -
back press Number of times the user pressed the “back” button -
exit press Number of times the user pressed the “exit” button -

sound press Number of times the user asked for audio-help -
time total The total time it took to complete the task -

pic products The number of photographs of the items that were taken -

pic beverage The number of photographs of the prepared drink that
were taken -

free time Answer—do you have free time? Y
cups frequency Answer—How many drinks do you drink Y
usually make Answer—Do you usually prepare your own drinks? Y

preferred beverage Answer—What do you like to drink? Y
est prep time Answer—How long does it take to prepare your drink? Y

order The outcome of the ordering task. Y
boil water Instruction to boil the water Y

place products Instruction to place products on counter Y
pic products Instruction to take a photograph of products on counter Y
water boiled Answer—Has water boiled? Y
all products Answer—Are all products ready? Y
pic beverage Instruction to take a photograph of prepared drink Y

difficulty Answer—How difficult was task? Y
est performance Answer—How long do you estimate the task took? Y

2.2. DailyCog Design Considerations

In the development of DailyCog, we undertook several design considerations. When
targeting patients with PD-MCI one must consider usability and acceptance for this pop-
ulation [34–37,39]. For example, one should minimize complexity and choice, reduce
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the number of buttons and options to avoid confusion, make the visual interface easy to
understand by using high contrasts, text needs to be large enough to read easily, etc.

One of the features that we included to enable ease of use was the audio feature.
The user can have the text on a screen read aloud. This feature should help any user who
has trouble reading the instructions. Use of this feature is obtained by pressing on the
microphone icon that appears at the top of all the screens. Users were advised to use as
little help as possible. All usage of this help feature was recorded for analysis.

We also had to decide what measures DailyCog would record. On the one hand,
we wanted measures that are easily obtained. On the other hand, we also wanted measures
that are easy to analyze. Most importantly, we wanted measures that had a high expectation
of being good MCI markers. Sometimes these attributes went hand in hand. For example,
consider the time measures: We ask the user to evaluate how long the drink preparation
will take, how long it took, and we also record the actual time it took from start to end.
These measures are both easy to record and to analyze.

Sometimes there is tension between collection and analysis. For example, the ordering
task from Figure 2a is not trivial to analyze, as there are several possible correct answers.
For instance, obviously, one must take the cup out of the cupboard before pouring hot
water into the cup. However, one may choose to add the teabag before or after pouring the
water. There may be some answers that are preferred to others, such as putting the water
in before the milk, but switching the order of these actions is very different to pouring
the water before the cup is placed on the counter! Aside from the cognitive aspect of
what is considered a correct answer, there is also the technical question of how to compare
and grade the different answers. However, even though this task is complex to analyze,
it would most likely make a good predictor for MCI. The complexity of the task itself,
the cognitive skills required alongside the motor skills used, and the interaction between
them, may capture differences between users that we hope will be good markers for MCI.
For this reason, we designed and included this complex task.

External disturbances while performing our tasks are problematic, as they may affect
the outcome of our experiment. For example, incoming calls on the phone during perfor-
mance would affect the time taken to perform the tasks, concentration, and perhaps the
performance of the user. We addressed this issue by having the user select “airplane mode”
before beginning the experimental task to minimize external phone activity. This is shown
on all the screenshots where one can see that the phone is in “airplane” mode. We remind
the user to exit “airplane” after the task is completed. Although using the “airplane mode”
improves the chances that our users can concentrate on performing the task and distur-
bances such as incoming calls or messages are avoided, we cannot completely eliminate
distractions and discuss this further in Section 3.3.

3. User Study

We carried out a user study on patients with PD who performed the designed tasks in
their homes. The aim of this study was both to demonstrate and evaluate the feasibility
of using DailyCog for PD-MCI, and to raise issues that require future fine tuning before
performing large scale experimentation. We begin by discussing the inclusion criteria for
our study. Then we proceed to describe a case study for two patients with various degrees
of MCI. We also discuss issues of usability learned from all participating users.

3.1. Study Design and Selection Criteria

The DailyCog application study was conducted in 3 phases. The first phase is a
training phase. The participants are advised on how to use DailyCog and perform a
training task under the guidance of a trained practitioner in the office. This task is used
only for training and is not analyzed as part of the evaluation. The next two tasks are
the evaluation tasks described in Section 2.1. The two evaluation tasks were carried out
with an interval of 3–7 months between each task. The two tasks were performed using a
smartphone in the user’s home, without the supervision of a practitioner. The activities
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performed by the users during task performance are collected automatically from the
smartphone and uploaded to a protected server for analysis. Details on the tasks in the
DailyCog application are described in Section 2.1, with special design considerations
described in Section 2.2.

The study included 36 participants with PD aged 40 to 80 years, recruited at the
Movement Disorders Institute in the Chaim Sheba Medical Center, Ramat Gan, Israel. They
were functionally independent and lived in their private homes or assisted-living facilities.
See Rosenblum et al. [6] for more details.

3.2. Case Study

We present two case studies chosen from among the participants representing different
cognitive abilities. We used the MoCA test scores [40] of the users (taken as part of the
pretrial evaluation) to differentiate between high/low levels of MCI. Lower MoCA scores
point towards a higher degree of cognitive impairment. It must be noted that while there is
an ongoing discussion on the use of the MoCA test for evaluating PD-MCI [6], this is, to
date, the standard measure used. User-A scored MoCA = 21 and User-B scored MoCA = 27.
Both users completed the tasks. They performed the ordering tasks correctly, uploaded all
the necessary photographs etc. We also include results for the full 36 users. These results
are presented as the average and standard deviation over all users. We did not obtain
statistical significance for the differences between users with high and low MoCA scores
(we used 24 as the cutoff), all p values were larger than 0.05. The p values for Total time
were 0.85 (hot drink) and 0.11 (shopping list). For Order time they were 0.85 (hot drink)
and 0.53 (shopping list), and for the self-evaluation scores they were 0.37 (hot drink) and
0.96 (shopping list). These results support the findings in [6].

Table 2 compares the times that it took the users to perform tasks as related to their
MoCA scores. We measure two time intervals. Total time is the time it took the user to
complete the whole task. Order time is the time it took to perform the ordering task (which
is part of the task, as described in Section 2.1). The times are compared across the two
tasks, the hot drink and the shopping list tasks. The tasks are performed with over six
months between them. As shown in Table 2, User-A is slower than User-B on both tasks
(shopping list and hot drink) and for both time measurements (Total time and Order time).
This finding is consistent with the MoCA scores of both users, since User-A, who suffers
from a more substantial degree of MCI than User-B, needs more time to perform task
activities. Furthermore, there seems to be some deterioration in the abilities of User-A as
time goes by. When we compare the two tasks that were performed over approximately
a 6-month period, we see that User-A requires more time to complete the second task
(shopping list), than it took him to complete the first task (hot drink). In contrast, User-B
requires almost the same amount of time to complete the two tasks. Please note that
both the Total time and the Order time increase by a factor of approximately 1.5. The fact
that when Order time increases the Total time increases as well is not surprising, as the
total time includes the Order time. It is, however, interesting that the factor between the
times is consistent, perhaps pointing towards an overall slowness in performance in all
activities, and not only the ordering activity which requires a high degree of coordination
and cognition compared to some of the other parts of the task.

Table 3 presents the results for the self-evaluation questionnaire, as described in
Section 2.1.2. The questions reflect the users’ feeling on how they view their cognitive
state and their functional abilities both inside and outside home. There are 6 questions
that the users answer. The questions are answered immediately after completing the tasks.
Answers are rated from 1–5, where 1 is Excellent and 5 is Poor. Thus, a higher grade reflects
a higher degree of MCI.

As with the results in Table 2, the results in Table 3 reflect a deterioration for User-A
between the performance of the two tasks. For User-B the scores are almost completely
stable. The same ratio of 1.5 that was seen for the task performance times is again apparent
for the average score of User-A. This may imply that the self-evaluation is correlative to
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the time measure. This finding contributes the indication that time measurements for our
tasks reflect the self-reporting. It is, however, interesting to note that while the trend of
the scores correlates to the trend in times, looking at the absolute value of the scores is
surprising. User-B, who scores higher on the MoCA and spends less time performing both
tasks than User-A has a self-report that presents a higher degree of impairment. Perhaps
this is because the self-report is very subjective, and, as opposed to time measurements
or the MoCA evaluation that are objective, a self-report also takes emotional state and
personal feelings into account. This would suggest being careful with the self-evaluation,
and using the score more as a comparative test where trend rather than the raw score is the
important measure.

Table 2. Comparison of times (seconds) for case study users and All users.

User MoCA Score Task Total Time Order Time

A 21
hot drink 344.8 65.5

shopping list 527.3 109.6

B 27
hot drink 213.5 40.2

shopping list 217.6 43.2

All 23.8 ± 3.1
hot drink 493.8 ± 228.3 90.4 ± 66.5

shopping list 438.7 ± 207.1 49.6 ± 41.6

Table 3. Comparison of self-questionnaire for case study users and All users.

User MoCA Score Task Average

A 21
hot drink 1.7

shopping list 2.5

B 27
hot drink 2.8

shopping list 3

All 23.8 ± 3.1
hot drink 1.9 ± 1

shopping list 1.7 ± 1.1

3.3. Usability Study

Data collection was completed by 36 users. We set out to determine whether DailyCog
can detect deterioration of MCI. Since the abilities of the users were taken into consideration
during the app design, most of our participants reported that they found our app easy
to use and instructions easy to follow, and they were happy to complete the experiment.
Photographs taken as part of the task provided proof that the users followed the tasks to
completion and performed the requested steps. Our case study in Section 3.2 demonstrates
encouraging results. Although a broader study is necessary in order to collect enough
information for a more comprehensive analysis, perhaps enabling the use of machine
learning methods, the preliminary study provides evidence of our ability to capture various
aspects of PD-MCI.

Some of the results obtained in this study are presented in Figure 4. The left col-
umn describes outcomes from the first task and the right column from the second task.
Figure 4a,b show that more than half the users completed the tasks without pressing the
‘back’ button. However, around 40% of the users made use of this button during the first
task, and their number increased in the second task. The help button that provides audio
explanation was not used by most users. This indicates that most users understood the
tasks they were asked to perform. However, some of the users needed the extra assistance.
Figure 4c,d show that 17% of the users made use of the audio-help during both tasks.
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(a) Number of ’back’ in task1 (b) Number of ’back’ in task2

(c) Audio-help in task1 (d) Audio-help in task2

(e) Number of times first photograph is taken in task1 (f) Number of times first photograph is taken in task2

(g) Number of times second photograph is taken in task1 (h) Number of times second photograph is taken in task2

Figure 4. Usability study outcomes.
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In each of the two tasks, there are two photographs taken. The number of attempts
made are shown in Figure 4e–h. Perhaps the most interesting finding regarding the photos
is that in both tasks the second one was easier to take. In the first attempt approximately
30% of the users made one attempt, the others needed more. However, for the second
photo close to 60% managed to take the photo with a single attempt.

We encountered various obstacles in our study, as did many other researchers in these
domains [35–37]. Although these issues may seem obvious in hindsight, it is often the case
that they are not, and caregivers are often needed to manage the application use, as in
Cossu-Ergecer et al. [29]. We discuss the main difficulties that we encountered to contribute
to the planning of similar future studies.

The first difficulty we encountered was hesitance and insecurity in using an app by
some of our participants. We tried to minimize this by selecting participants who already
owned and used a smartphone, and we coached them through a training session that
demonstrated all the actions we expected them to perform in the study. Despite these
preparations we found that many of our users had trouble during the experiment and
required support from our staff. Often this support was needed to give the user confidence,
rather than to solve a usage problem. We did not encounter problems with the smartphone
touch, as DailyCog is aimed at users that at the very initial stages of PD, before significant
manual dysfunction manifest. This causes the possibility that DailyCog may not be suited
for users with progressive PD.

The support given by our staff to a small number of participants raises the question of
how to evaluate the experimental data in experiments such as ours. Once there is interven-
tion by someone other than the participant, measures such as time and performance might
be contaminated. Users sometimes chose to report this to us, and we could exclude them
from our study. We are confident that most of the other users performed the experiment
alone as required. However, we draw attention to this point as to contribute to the planning
of future studies.

Since the experiment ran over a course of many months, some users swapped phones
during the experiment, resulting in a variety of problems ranging from reinstalling the app
(easy to solve) to changing from an android system (that the app was developed for) to an
iPhone (resulting in dropping out of the trial).

Since we study functionality in the home environment, we did not have full control
over the experiment. We made an effort to control some of the settings, for example
by moving the phone into “airplane mode” so that no phone calls or messages would
intervene. However, we had no control over factors such as someone ringing a doorbell,
or calling a landline, etc. Such events would obviously affect the time measure of our
experiment and may not have been reported. Although we want our experiment to take
place at home to mimic everyday functionality, we pay the price of losing control over
many of the factors. Thus, there is a trade-off between complete control and studying
functionality in a natural environment.

We also noticed a possible interference effect. As was to be expected, not all the users
displayed deterioration between the performances of the two tasks. This could be explained
by the relative stability of MCI levels observed in some patients. However, we noticed that
some of the users actually improved; they became better at the tasks and performed the
second task faster than the first. Although we were careful to design two different tasks
to limit the ‘learning factor’ it would seem that some users did learn. The way to counter
the learning factor would be to design tasks with a more significant difference. However,
that would come at the price of losing the possibility to compare cognitive states across the
tasks. Alternatively, we could randomize the order of task performance among users. We
plan to tackle this issue in future work.
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4. Conclusions

We designed and developed DailyCog to explore a mobile app for detecting and
evaluating PD-MCI. This is an important step towards early detection of PD, since MCI is
often an early symptom of PD and may have a substantial impact on quality of life.

DailyCog was developed based on clinical experience and familiarity with conven-
tional MCI detection methods. We were led by the concept that markers are hidden in
performing everyday tasks. Therefore, performing tasks at home, noting the time taken
to perform tasks, the way the task is performed, and what tasks are completed etc., may
provide insight into the users’ abilities in real life. The DailyCog app is unique in that it
enables participants to perform daily functions in their familiar home environment in a
measurable fashion.

DailyCog includes a training task and two everyday tasks: hot drink preparation and
making a shopping list. These tasks are to be performed over predefined time intervals
to capture the state of the MCI over time. Aside from the guidance and recording of
everyday tasks, DailyCog includes a short self-report questionnaire to enable self-reporting
of cognitive decline. The similar structure of the two tasks enables a comparison of the
participants’ performances during each task to evaluate their cognitive states.

We conducted a study on users with PD-MCI and presented case study results along-
side a usability study. Our case study demonstrated how DailyCog captures both stable
and deteriorating patients. We presented results and insights from our usability study. We
described the strengths of DailyCog and shared difficulties that should be addressed in
future studies with DailyCog or other similar environments. DailyCog was developed with
PD-MCI as the main target but is easily usable or adaptable for other similar conditions
involving cognitive decline.
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