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Abstract
The Daily Living Questionnaire (DLQ) constitutes one of a number of functional cognitive measures, commonly employed in a
range of medical and rehabilitation settings. One of the drawbacks of the DLQ is its length which poses an obstacle to con-
ducting efficient and widespread screening of the public and which incurs inaccuracies due to the length and fatigue of the
subjects.

Objective: This study aims to use Machine Learning (ML) to modify and abridge the DLQ without compromising its fidelity and
accuracy.

Method: Participants were interviewed in two separate research studies conducted in the United States of America and
Israel, and one unified file was created for ML analysis. An ML-based Computerized Adaptive Testing (ML-CAT) algorithm
was applied to the DLQ database to create an adaptive testing instrument—with a shortened test form adapted to individual
test scores.

Results: The ML-CAT approach was shown to reduce the number of tests required on average by 25% per individual when
predicting each of the seven DLQ output scores independently and reduce by over 50% when predicting all seven scores
concurrently using a single model. These results maintained an accuracy of 95% (5% error) across subject scores. The
study pinpoints which DLQ items are more informative in predicting DLQ scores.

Conclusions: Applying the ML-CAT model can thus serve to modify, refine and even abridge the current DLQ, thereby enab-
ling wider community screening while also enhancing clinical and research utility.
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Introduction
Functional cognition refers to the use of cognitive processes
in daily living activities, namely, the ability to perform daily
tasks while using cognitive components such as attention
and memory.1,2 It is defined as “the ability to use and inte-
grate mental and physical skills to accomplish complex
everyday activities.”3 Successful performance of novel or
complex activities depends on the ability to efficiently
and effectively use and adapt cognitive processes under a
wide range of challenges.

Assessment methods for evaluating functional cognition
include cognitive or neuropsychological tests, performance-

based assessments and self and informant-report question-
naires. Neuropsychological tests4 evaluate specific cognitive
components and provide baseline profiles, that are norm-
referenced yet they do not address the relationship between
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cognition and function.5–7 Performance-based assessments8

enable direct observation of cognitive processes and the
use of strategies during specific functional activities.9

Examples include the Executive Function (EF)
Performance Test10 and the Kettle test.11 However, there
is, currently, no gold standard performance-based assess-
ment12 and the number of functional domains that can be
evaluated are limited.13 Questionnaire-based methods are
also common in assessing complex everyday activities and
functional cognition. Advantages are cost-effectiveness,
minimal training requirements, flexible delivery formats
(verbally, by phone, electronically) and anonymous adminis-
tration to a larger population. Self- and informant reports
provide a unique, subjective view of the impact of functional
cognition on everyday activities in a real-life context.14

The Daily Living Questionnaire (DLQ) is a self-report
functional cognition instrument that assesses cognitive dif-
ficulties in performing higher-level activities including
Instrumental Activities of Daily Living (IADLs) (shopping;
meal planning), community, work and social participation
with the aim of assisting therapists in setting treatment
goals.15 The DLQ is comprised of two parts: Part A
focuses on activity and participation, and Part B focuses
on everyday cognitive symptoms. See DLQ form in
Appendix. Use of self-report questionnaires is recom-
mended,16 however biases in the form of over- or under-
estimation of abilities may emerge. In addition, fatigue
related to answering a large number of questions may
also affect responses, resulting in incomplete answers or
low response rates.16,17 The latter poses an obstacle to con-
ducting efficient and widespread screening of the public for
deteriorating functional cognitive abilities. The problem is
more acute among individuals with posttrauma, pending
medical interventions, long-term COVID and among the
elderly community. The goal of this study is to reduce the
DLQ questionnaire to a shorter, more efficient assessment.

Machine Learning (ML) algorithms are data-driven and use
large datasets to identify patterns in the data and subsequently
use these patterns to predict outcomes on novel data. ML is
proving to be an effective tool in predicting medical conditions
and assisting medical decision-making.18,19 Computerized
adaptive testing (CAT) is an algorithm, based on Item
Response Theory (IRT); it adapts or customizes questionnaire
items to match individual test-taker ability and predicts the
final questionnaire score. The CAT process terminates with
a final score when the set number of items has been admi-
nistered or a precision level has been reached.20 The CAT
approach reduces the average number of items to be admi-
nistered while maintaining the accuracy of the final test
score.21,22 Additionally, it facilitates more precise assess-
ments that are tuned to the level and abilities of the indi-
vidual, in comparison to traditional static questionnaires
that employ the same questions for all test-takers
without taking into account the unique characteristics of
individuals.22,23 In this study we use a novel CAT

algorithm that is based on machine learning and is thus
termed ML-CAT. Whereas IRT is a logit-based algo-
rithm, the ML-CAT is based on machine learning and
does not place assumptions on the distribution (e.g.
normal as in IRT) and the distribution of the data may
take any form (restricted to having enough and balanced
data in each class). Furthermore, IRT considers the
responses of the user an item at a time with older items
usually having a smaller effect. The ML-CAT assigns
equal importance to all item responses up to that point
and may rely heavily on the earlier items in the sequence
if indeed they are more predictive.

The aim of this study is to predict the final scores of the
DLQ assessment using a reduced set of DLQ questions. The
ML-based algorithm, ML-CAT will reduce time and fatigue
in completing the DLQ, thereby decreasing patient answer
bias to the questionnaire. The ML-CAT can assist in the
wide screening of subjects and allow researchers and thera-
pists to collect information in a shorter period of time, with
higher accuracy. Our research goals are (1) to develop an effi-
cient ML-CAT scheme with reduced item questions while
maintaining the accuracy of the final scores, (2) to determine
if a computerized DLQ has the potential to shorten the admin-
istration time of the DLQ and (3) to determine if there are key
DLQ items that are consistently selected by the ML-CAT.

Method

Participants

Correlative studies were conducted between 2007 and 2021
in which participants completed the DLQ and other ques-
tionnaires.15 All studies were approved by the IRB and
Ethics committees. One thousand one hundred and eight
participants completed the questionnaire. 63.6% were
women and mean (SD) age was 55.5 (16.7). Most partici-
pants were at a high education level (n= 599). Out of the
total, 85.9% of the participants were in good health while
14.1% had a medical condition, such as fibromyalgia, mul-
tiple sclerosis, or COVID-19, see Table 1.

Measures

The DLQ is a self-report questionnaire developed to measure
functional cognition as reflected through daily activities per-
formance including IADL, at home, work and community as
well as social participation. It includes 52 items scored on a
4-point visual analog scale (from 1—no cognitive difficulty
to 4—unable to perform) and is divided into two parts: Part
A—activity and participation; Part B—cognitive symptoms
and impairments. Factor Analysis (FA) revealed seven
scores, each calculated by averaging a subset of test items
(see Table 2).15 High internal consistency was found for all
52 items (0.94) and for Part A and Part B (0.87; 0.94, respect-
ively). See Appendix.
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Procedures

Patients were recruited across several different research
studies and were interviewed using the DLQ.15 Patients’
responses were collected as a database DLQ-DB for use

in the ML-CAT method described in this article. Some
patients did not answer all questions. Missing data was
completed using a Nearest Neighbor approach24 similar to
Hot Deck Imputation,25 in which each missing score is
replaced by the median of the scores of the most similar
subjects. Additionally, stratified sampling and augmenta-
tion of the data26 were performed to reduce the bias in
scores across subjects in the dataset.

Machine learning model. To allow an adaptive testing proto-
col, we follow a CAT scheme.27 Our approach is based on a
novel machine learning-based CAT algorithm28 we term
ML-CAT.The algorithm iteratively selects the nextDLQques-
tion to be administered to the subject based on the subject’s
responses. Denote the resulting sequence of DLQ questions
asDLQi1,DLQi2,…. Inaddition to thenextquestion tobeadmi-
nistered, themachine learning component also predicts thefinal
DLQ score1 at each iteration. The iterative process terminates
when the predicted DLQ score reaches a high enough confi-
dence value and the final DLQ score is outputted. A schematic
diagram is given inFigure 1.Wepresent two types ofML-CAT
algorithms: thefirst predicts a singleDLQscore (thus a separate
algorithm is used for each of the sevenDLQ-output scores) and
the second predicts all seven DLQ-output scores concurrently.
Details of the ML-CAT method follow.

Given the DLQ-DB database (n= 1108), we build ML
predictors to predict the final DLQ score. We train numer-
ous ML predictors each of which receives as input a subset
of DLQ responses and predicts the final DLQ score together
with a confidence measure. Thus, we create a dataset of
many such predictors each with a different subset of DLQ
responses as input.

Given this dataset of predictors and the DLQ-DB database
of testing results, the ML-CAT adaptive testing proceeds as
follows. W.l.g, we assume the first DLQ question is given.
The following steps are iteratively performed:

1. Assume the subject has already been administered k-test
questions DLQi1 … DLQik.

2. From the dataset of ML predictors, select those predic-
tors that receive as input responses to the set DLQi1 …
DLQik plus an additional DLQ answer: DLQnew.

3. From the database DLQ-DB, select M samples that are
most similar to the subject in their responses to DLQi1

… DLQik.
4. From among the selected predictors (step 2) find the

predictor MLk + 1 that is most accurate in predicting
the final DLQ score on the M samples selected in step 3.

5. Set DLQnew as the next question (DLQi(k + 1)) to be
administered to the subject.

6. If the confidence of the prediction of MLk + 1 on the M
samples (step 3) is above threshold T
6.1Output the final score prediction of model MLk + 1

6.2Stop program.
Else:

Table 2. DLQ description.

DLQ
output
label Name

Number of
items (k)

DLQ item
numbers

A1 Household tasks 8 1–8

A2 Activities involving
language/
comprehension

7 9–11, 23–25,
27

A3 Community
participation

7 12–14, 17–
18, 22, 28

A4 Complex tasks 6 15–16, 19–
21, 26

B1 Executive function
components

11 29, 31–32,
38–39,
43–46,
51–52

B2 Memory 4 30, 35–37

B3 Executive monitoring 9 33–34, 40–
42, 47–50

DLQ: Daily Living Questionnaire.

Table 1. Characteristics of the participants (n= 1108).

%

Gender (M/F) 36.4/63.6

Marital status (married/divorce/single/
widower) (n= 772)

72.2/12.8/8.2/
6.9

Education (elementary/high/academic)
(n= 925)

9.4/25.8/67.8

Medical diagnosis (healthy/fibromyalgia/
multiple sclerosis/COVID-19)

85.9/7.9/3.2/
3.1

Religion (Jewish/Moslem/Druze/Christian/
other) (n= 904)

79.2/9/6.6/
4.9/0.3

Residence (city/other) (n= 674) 75.8/24.2

Living with other (Y/N) (n= 750) 84.5/15.5

Country (Israel/USA) 86.7/13.3
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7. Return to step 1 with the subject’s answers to DLQi1 …
DLQik, DLQi(k + 1).

The adaptive scheme requires two parameters: M - the
number of samples chosen from the database DLQ-DB
and threshold T which determines the level of confidence
required for the final prediction.

Detailed description of the modeling. The schema of the
adaptive testing detailed above may be implemented
using any number of ML models. In Eichler et al.,28

Random Forest29 was used as the predictor architecture.
In this study, we used linear regression models as the pre-
dictors since this sufficed to provide excellent results.
Each regressor model predictor is trained by receiving as
input a subset of k DLQ answers, DLQi1 … DLQik for
each of the M samples (step 3) together with the final
DLQ score DLQfinal for each sample. The regressor
model computes the regression variables that minimize
the prediction error errMk over all M samples. The standard
mean square error (MSE) was used:

errMk = MSE = 1
M

∑m
i=1

(DLQpredicti − DLQfinali)
2 (1)

In addition to the predicted final score, the regression model
also outputs the prediction error errMk itself which serves
instead of the confidence value described above. Thus,

instead of testing for confidence (step 6), the adaptive
testing terminates when the prediction error is below a
given accuracy threshold T. L1 norm (sum of absolute dif-
ferences) was used to select the M most similar samples
(Step 3).

Results
The ML-CAT adaptive testing scheme was implemented
and tested on the DLQ-DB database of assessment
results. The approach was tested for the prediction of
each of the seven DLQ output scores (A1, A2, A3, A4,
B1, B2, B3) independently as well as predicting all seven
scores concurrently.

A leave one out30 scheme was used to assess the adap-
tive algorithm, where each sample in the DLQ database
was used as a subject and the remaining samples were con-
sidered as the training set (i.e. as the DLQ-DB database in
the algorithm above). The accuracy of score prediction is
calculated as the absolute difference between the predicted
score and the true score given in the database.

The models are dependent on two hyperparameters: the
level of accuracy T and the number M of samples of the
database, closest to the subject. These parameters affect
both the accuracy of score prediction and the number of
questions required of each subject.

Figure 2 plots the average error of prediction (mean
absolute difference) as a function of the number of DLQ

Figure 1. DLQ adaptive testing. Flow diagram describing the adaptive testing scheme (see text).

4 DIGITAL HEALTH



questions for the seven output scores. For each output score,
points represent different values of accuracy (T= 0.001,
0.003, 0.005, 0.007, 0.01, 0.03, 0.05, 0.07, 0.1). Three
plots are shown, each for a different value of M, the
number of samples in the database to train on (M= 100,
250, 500).

As can be seen in all plots, the error of prediction
decreases with increasing number of questions for all
output scores, which, in turn, is controlled by the thresh-
old value T. Predicting some DLQ scores require more
questions than others (e.g. B1 vs. A4) for the same
level of accuracy. It can also be seen that the number

of questions to reach a specific level of accuracy,
varies across M values, with some DLQ scores requiring
more questions than others for higher M (e.g. A2
vs. B3).

To continue the analysis, we consider the tradeoff
between accuracy and number of questions and set M
= 250 and T= 0.01. We predicted each DLQ output
score independently using the ML-CAT model using
these values of parameters. Figure 3 shows the
average error obtained for each of the DLQ output
scores. All errors are smaller than 0.1 MSE with an
average error rate of 0.047. Given that the DLQ
scores are on a 1–4 scale, these results show high accur-
acy (low mean absolute error). Figure 4 shows the
average number of questions required per DLQ output
score to obtain these error rates. These numbers are
much lower than the number required by the standard
test with savings between 12% and 41% per DLQ
score (see Table 3). Figure 5 displays a histogram of
the number of times each of the 52 DLQ questions
appeared as one of the first three questions in the
adaptive testing sequences. Color coding is according
to the seven DLQ output scores in the original
questionnaire.

Figure 4 shows that the total number of questions
(without repeats) required to predict all DLQ output
scores is 38.8 (out of 52) implying a 25.3% reduction.
This reduction was obtained when each DLQ output score
was predicted independently using a separate ML-CAT
process. However further reduction in the number of ques-
tions can be obtained by predicting all seven DLQ output
scores concurrently, using a single ML-CAT process.
Reduction is expected due to correlations between DLQ
questions.

Predicting all DLQ output scores concurrently

Instead of seven separate ML-CAT models, a single
ML-CAT model was built to predict all seven DLQ
output scores concurrently. The same T and M parameters
were used as above. As previously, each regressor model
predictor was trained by receiving as input a subset of k
DLQ answers, DLQi1 … DLQik for each of the M
samples (step 3) now, however, with the final seven DLQ
output scores supplied for each sample. The regressor
model computed the regression variables that minimize
the prediction error errAllMk over all M samples by consid-
ering the error of all seven DLQ output scores:

errAllMk = max
j=1..7

1
M

∑m
i=1

(DLQpredictij − DLQfinalij)
2

( )

(2)

where DLQpredictij and DLQfinalij are the predicted value
and true value of the jth DLQ output score for the ith sample

Figure 2. The average error of prediction (mean absolute
difference) for the seven output DLQ scores as a function of the
number of DLQ questions. For each output score, points are for
different values of accuracy (T= 0.001, 0.003, 0.005, 0.007, 0.01,
0.03, 0.05, 0.07, 0.1). Three plots are shown: Top: M= 100, middle:
M= 250, bottom: M= 500.
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(see Equation (1)).
Similar to the above, a leave one out30 scheme was used

to assess the adaptive algorithm. The accuracy of score pre-
diction was calculated as the maximum absolute difference
between the predicted and true scores of the subject over all
seven output scores.

Figure 6 plots the average error of prediction as a
function of the number of DLQ questions for M= 50,
250, 500. Points on the plot are for different values of
accuracy thresholds (T= 0.001, 0.003, 0.005, 0.007,

0.01, 0.03, 0.05, 0.07, 0.1). The error of prediction
decreases with an increasing number of questions,
which in turn is controlled by the threshold value
T. However, in comparison to the independent modeling,
a higher number of questions were required to reach a
level of accuracy when predicting all seven output
scores concurrently (compare with Figure 2). This is to
be expected as the adaptive algorithm now terminates
only when all seven scores are below the threshold (equa-
tion (2)). Considering the parameters M= 250 and

Figure 3. Average error when predicting each output score independently.

Figure 4. The average number of questions required to predict each DLQ output score independently with error rates given in Figure 3.
Summing the average number of questions required of all labels gives 38.85 questions (compare with the original 52 questions).
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T= 0.01 as in the models above, an average absolute
error of 0.076 (5% error in score value) was obtained
with an average of 24.87 questions per subject, implying
a 52.2% savings compared to the 25% savings when
using independent models. The average error, however,
was not uniform across the outcome scores as illustrated
in Figure 7. Output scores A4 and B2 show less error and
higher accuracy than other output scores. This may be
because they require fewer DLQ questions than other
output scores and reach higher accuracy before other
output scores.

When applying the ML-CAT approach to DLQ score
assessment, every subject is assessed using a different set
of questions since questions are selected adaptively per
subject. However, it was found that some questions consist-
ently appear among the leading questions for most subjects.
Figure 8 displays a histogram of the number of times each
of the 52 DLQ questions appeared as one of the first three
questions in a subject’s adaptive testing sequence when pre-
dicting all outcome measures concurrently. Color coding of
the bars are according to the DLQ output scores each ques-
tion is associated with in the original questionnaire.
Questions (13, 20, 31, 45, 51) (Table 4) are frequently
selected early in the adaptive test sequence, compared to
other DLQ questions. Most likely these questions, although
originally associated with only one DLQ output score, are
in fact informative to several output scores. They are then
chosen by the model, early in the testing process, thus con-
tributing to reducing the number of questions required to
reach the set level of accuracy.

Discussion
In this study, the ML-CAT algorithm was used to predict
DLQ scores in order to adapt and shorten the DLQ assess-
ment. The approach was shown to reduce the number of
questions without affecting accuracy, thus shortening
administration time.

Items 13, 20, 31, 45, and 51 of the DLQ questionnaire,
were most often selected by the ML-CAT early in the test
sequence, implying that these items are more informative
than other DLQ items. Two of the items are in DLQ part
A (activities and participation): social activities with
others (item 13) and organizing and managing finances
(item 20). Prior FA analysis15 revealed that item 13 is a
component of the community/participation factor (A3),

Table 3. The average reduction in questions obtained by using the
ML-CAT approach compared to the original questionnaire.

DLQ
output
score

Number of
questions original
questionnaire

Number of
question using
ML-CAT

% Saving in
questions

A1 8 5.85 27%

A2 7 5.73 18%

A3 7 6.07 13%

A4 6 5.6 6%

B1 11 6.4 41%

B2 4 3.5 12%

B3 9 5.62 38%

Total 52 38.85 25.3%

ML-CAT: Machine Learning-based Computerized Adaptive Testing; DLQ: Daily
Living Questionnaire.

Figure 5. The number of occurrences of each DLQ question as one of the first three questions in the ML-CAT approach when predicting
each outcome measure independently. Color coding is according to the seven DLQ output scores in the original questionnaire (n= 2216).
ML-CAT: Machine Learning-based Computerized Adaptive Testing; DLQ: Daily Living Questionnaire.
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while item 20 is a component of the complex tasks factor
(A4). Participation in social activities (item 13) involves
the integration of executive functions with other complex
cognitive processes that may be impacted by mild cogni-
tive difficulties.31,32 For example, subtle cognitive defi-
cits can result in misinterpretations of social signals,
context, emotions, behaviors, or verbal statements.33,34

Organizing and managing finances (item 20) have been
identified as being sensitive to mild cognitive impair-
ment35,36 because it requires the integration of different
executive function skills. Complex activities such as
managing finances and social activities may be

informative in understanding the subject’s ability to par-
ticipate in activities in general and thus is a good pre-
dictor of several of the DLQ output scores.

Three of the items are in DLQ part B (cognitive symp-
toms or impairments): inhibition of irrelevant information
(item 31), planning (item 45) and initiation (item 51).
Inhibition is the ability to control one’s attention, behavior,
thoughts and emotions by intentionally preventing the pro-
duction of an automatic and impulsive response, delaying
gratification or resisting distraction.37,38 Initiation involves
generating ideas or plans and beginning activities without
procrastination.38 Planning refers to the capacity to recog-
nize the need for action, define goals, conceptualize a
sequence of steps, and choose from alternative methods.
Prior factor analysis15 revealed that all three items are com-
ponents of the EF factor (B1). The most plausible reason
that these three items predict the DLQ scores, is that EF
components are considered to be the underlying mechanism
for planning and coping with complex cognitive, func-
tional, and social activities.39–41 Deficient executive func-
tion has been found to predict participation and functional
outcomes across different health conditions (e.g.
Stroke),42 as well as in healthy populations.38 EF represents
a set of general-purpose control processes that regulate
thoughts and behavior,38 are correlated with skill and
engagement in activities,43 and as such, have a strong
impact on all seven factors of the DLQ. Additionally,
they are an important aspect when assessing functional-
cognition in general, and therefore support the internal val-
idity of the DLQ.

We note a bias in our originally collected data since most
participants were healthy. However, the DLQ specifically
assesses cognitive difficulties in performing IADL activities,

Figure 6. Predicting all seven DLQ scores concurrently. The average
error of prediction (mean absolute difference) is plotted as a
function of the number of DLQ questions for different accuracy
thresholds T. Plots are for M= 50, 250, 500.

Figure 7. The average error on each output score when predicting all scores concurrently.
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at home, work and in the community as well as social partici-
pation. Therefore, unlike an IADLmeasure that assesses levels
of independence, the DLQ would not be expected to show
perfect scores in the healthy population (even if indicating
high functioning), since there are everyday tasks that present
cognitive challenges that may be perceived even by healthy
individuals as more mentally challenging. Indeed, not all of
our healthy population reported perfect scores (A1—65.3%,

A2—60.1%, A3—62%, A4—46.6%, B1—51.8%, B2—
57.1%, B3—64.4%). To ensure any remaining biases the
ML algorithms were performed using stratified sampling
and augmentation to further reduce any bias effects.
Nevertheless, this could have possibly overestimated the
accuracy of the short DLQ. We, suggest, as a future study,
to test the ML-DLQ on a neurological population The
current study, however, provides a proof-of-concept of an
application that can choose the appropriate questions based
on the subject’s answers, thus, making it easier for clinicians
to administer this questionnaire.

Conclusion
In, conclusion, adaptive DLQ testing was implemented
using the ML-based ML-CAT. which maximizes test effi-
ciency by selecting the most appropriate items for each indi-
vidual, without affecting the accuracy of the test score. It
was shown that this approach reduces the original question-
naire of 52 items, to less than 25 questions per person on
average—a reduction of more than 50%, while maintaining
very high accuracy (error rate 0.076 or average 5% error).
This abbreviated test may thus facilitate the testing and
data collection process, reduce assessment time, and
subject fatigue, and thus increase the rate of response. In
addition, it may be utilized for wider screening of indivi-
duals with cognitive disabilities and other health-related
problems in the community.
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Figure 8. The number of times each DLQ question appeared as one of the first three questions when predicting all outcome measures
concurrently. Color coding of the bars are according to the DLQ output scores each question is associated with in the original questionnaire
(n= 2216).
DLQ: Daily Living Questionnaire.

Table 4. A description of the frequently selected questions by
ML-CAT.

DLQ
output
score

Number of questions
original questionnaire Description
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activities with others

A4 20 Organizing and managing
finances

B1 31 Attending to all aspects of a
task or situation without
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new activity or project

ML-CAT: Machine Learning-based Computerized Adaptive Testing.
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Appendix—The Daily Living Questionnaire (DLQ)
Name:
Date:

Every day we perform many tasks that require mental
effort, also known as cognition. During the course of our
lives, we may experience difficulties with these mental
efforts or cognitive tasks. The following is a list of activities
that you may perform as part of your life.

Please CIRCLE the number which best describes how
much mental or cognitive difficulty you generally have
doing each of the following activities. If the activity does
not apply to you (e.g. you have never done this activity)
please circle N/A.
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Part 1: How much cognitive or mental
difficulty do you have in performing the
following tasks?

No
mental or
cognitive difficulty

Some mental or
cognitive difficulty

Much mental or
cognitive difficulty

Unable to
do

Not applicable
(N/A)

1. Getting ready in the morning 1 2 3 4 9

2. Finding items on a crowded shelf or
closet

1 2 3 4 9

3. Organizing closets/shelves/draws 1 2 3 4 9

4. Planning and preparing meals 1 2 3 4 9

5. Household tasks (organizing laundry) 1 2 3 4 9

6. Shopping (buying what you need,
making decisions, finding items)

1 2 3 4 9

7. Organizing and scheduling own daily
activities and errands

1 2 3 4 9

8. Planning/choosing what to wear 1 2 3 4 9

9. Reading newspapers/magazines 1 2 3 4 9

10. Reading books 1 2 3 4 9

11. Searching for information (on internet,
library, etc.)

1 2 3 4 9

12. Expressing your thoughts 1 2 3 4 9

13. Following a conversation 1 2 3 4 9

14. Participating in group discussions 1 2 3 4 9

How much mental or cognitive difficulty do
you have in performing the following
tasks?

No
mental or
cognitive
difficulty

Some mental or
cognitive
difficulty

Much mental or
cognitive
difficulty

Unable to
do

Not applicable
(N/A)

15. Composing a letter or report 1 2 3 4 9

16. Planning social arrangements with
family, friends or for children

17. Participating in social
activities with others

1 2 3 4 9

18. Participating in recreational activities,
leisure, hobbies

1 2 3 4 9

19. Crossing a busy street 1 2 3 4 9

20. Driving a car 1 2 3 4 9

(continued)
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Continued.

Part 1: How much cognitive or mental
difficulty do you have in performing the
following tasks?

No
mental or
cognitive difficulty

Some mental or
cognitive difficulty

Much mental or
cognitive difficulty

Unable to
do

Not applicable
(N/A)

21. Operating a bank machine 1 2 3 4 9

22. Completing applications and forms 1 2 3 4 9

23. Fixing/repairing things 1 2 3 4 9

24. Finding your way in unfamiliar
environments

1 2 3 4 9

25. Math/calculations 1 2 3 4 9

26. Organizing and managing finances 1 2 3 4 9

27. Paying bills 1 2 3 4 9

28. Following written directions 1 2 3 4 9

Part 2: How much difficulty do you have
with the following?

No
difficulty

Some difficulty Much difficulty Unable to
do

Not applicable

29. Remembering things you need to do
during the day

1 2 3 4 9

30. Keeping track of appointments 1 2 3 4 9

31. Keeping track of where things are 1 2 3 4 9

32. Keeping track of time 1 2 3 4 9

33. Screening out irrelevant background
noises or thoughts while engaging in a
task

1 2 3 4 9

34. Resuming an activity without difficulty
after being interrupted

1 2 3 4 9

35. Prioritizing tasks 1 2 3 4 9

36. Maintaining focus on a task 1 2 3 4 9

37. Switching easily from one task to
another

1 2 3 4 9

38. Accomplishing tasks within a
reasonable time frame

1 2 3 4 9

39. Responding quickly to situations when
necessary

1 2 3 4 9

40. Stopping and starting activities without
difficulty

1 2 3 4 9

1 2 3 4 9

(continued)
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Continued.

Part 1: How much cognitive or mental
difficulty do you have in performing the
following tasks?

No
mental or
cognitive difficulty

Some mental or
cognitive difficulty

Much mental or
cognitive difficulty

Unable to
do

Not applicable
(N/A)

41. Performing daily activities at a normal
speed

42. Understanding new information 1 2 3 4 9

43. Attending to all aspects of a task or
situation without missing information

1 2 3 4 9

44. Handling complex tasks that include
keeping track of a lot of information at
once

1 2 3 4 9

45. Approaching tasks in an organized and
efficient way

1 2 3 4 9

How much difficulty do you have with the
following?

NO
difficulty

SOME difficulty MUCH difficulty UNABLE to
do

Not
Applicable
(N/A)

46. Planning and thinking ahead 1 2 3 4 9

47. Seeking out and investigating
information when needed

1 2 3 4 9

48. Solving problems without difficulty 1 2 3 4 9

49. Managing multiple step tasks 1 2 3 4 9

50. Adjusting easily to unexpected changes 1 2 3 4 9

51. Taking initiative to start a new activity
or project

1 2 3 4 9

52. Learning new factual information 1 2 3 4 9
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