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Abstract
Purpose  Construct validity is commonly assessed by applying statistical methods to data. However, purely empirical methods 
cannot explain what happens between the attribute and the instrument scores, which is the core of construct validity. Linear 
Logistic Test Models (LLTMs) can provide such explanation by decomposing item difficulties into a weighted sum of theo-
retical item properties. In this study, we aim to support construct validity of the Evaluation of Daily Activity Questionnaire 
(EDAQ) by using item properties accounting for item difficulties.
Methods  Dichotomized responses to the EDAQ were analyzed with (1) the Rasch model (to estimate item difficulties), and 
(2) LLTMs (to predict item difficulties). Seven properties of the items were identified and rated in ordinal scales by 39 Occu-
pational Therapists worldwide. Aggregated metric estimates—the weights used to predict item difficulties in LLTMs—were 
derived from the ratings using seven cumulative link mixed models. Estimated and predicted item difficulties were compared.
Results  The Rasch model showed acceptable fit and unidimensionality for a sample of 42 locally independent EDAQ items. 
The LLTM plus error showed significantly better fit than the LLTM. In the former, three of the seven properties were not 
significant, and the corresponding model including only the significant properties was used to predict item difficulties; they 
explained 77.5% of the variance in estimated item difficulties.
Conclusion  A satisfactory theoretical explanation of what makes an activity of daily living task more difficult than another 
has been provided by a LLTM plus error model, therefore supporting construct validity of the EDAQ.

Keywords  Construct validity · Activities of daily living · Linear logistic test model · Cumulative link mixed model · Rasch 
measurement

Introduction

Although the common understanding of construct validity 
refers to the extent to which a test measures what it purports 
to measure [1, 2], there are several opinions on the notion 
of construct validity and on the ways to be assessed. The 
concept of ‘construct validity’ was conceived in 1954 by the 
American Psychological Association [3], and it was further 
elaborated by Cronbach and Meehl [4]. Their definition of 
construct validity based on nomological networks—a system 
of laws relating theoretical concepts to each other and to 

observations—is still prevailing, but some authors consider 
that assessing validity in this way is insufficient to conclude 
that a test is valid [5]: Despite recognizing the importance of 
assessing relations between the measured attribute and other 
attributes, they claim that the primary concern of validation 
should be on construct representation [6].

Construct representation consists of analyzing the psy-
chological processes and theoretical mechanisms underlying 
task performance [2, 7]. Hence, it is concerned with task 
variability rather than subject variability [6]. Little attention 
has been given to this kind of analysis in health sciences 
[2]. To validate a test, instead of developing formal theories 
which could explain the processes between the attribute and 
the test scores, most of the studies do it empirically by apply-
ing statistical methods to data. However, purely empirical 
methods or nomological networks cannot provide an expla-
nation of how these processes work [5, 8]; such explanation 
must be given by substantive theory.
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Rasch Measurement [9] consists of a series of models 
determining the probability of endorsing an item in terms 
of a person parameter (denoted as ‘ability’) and an item 
parameter (denoted as ‘difficulty’). After fitting a Rasch 
model, estimates of person abilities and item difficulties are 
obtained so that persons are sorted from the ‘least able’ to 
the ‘most able,’ and items from the ‘easiest’ to the ‘most 
difficult.’ Thus, Rasch Measurement postulates a probabil-
istic relationship between person ability and item difficulty. 
However, the model is descriptive, i.e., it does not embody 
a construct theory, providing no explanation on the mecha-
nisms determining item difficulties—i.e., which underlying 
mechanisms make an item be more difficult than another.

Two different modeling approaches provided an explana-
tion of the mechanisms determining item difficulties. Sten-
ner et al. developed a methodology specifying such mecha-
nisms in two particular constructs, short-term memory [10] 
and receptive vocabulary [11]. Basically, they built a con-
struct specification equation by regressing item difficulties 
(derived from the Rasch model) on selected characteristics 
of the items. For short-term memory, they used data from 
the Knox Cube Test [12], and they concluded that two item 
characteristics—distance covered and number of taps—gov-
ern item difficulties.

Earlier, Fischer had developed an extension of the Rasch 
model, the Linear Logistic Test Model (LLTM) [13], in 
which the item difficulties are determined theoretically 
by means of a linear combination of several basic param-
eters. These basic parameters usually represent processes or 
cognitive operations defined by theory, and they are given 
weights. In many cases, these weights are specified either 
dichotomously (present or not) or by the number of times a 
certain operation is present [14]. There exists an interesting 
extension of the LLTM model, LLTM plus error (LLTM + ε) 
[15], and we refer to both LLTM and LLTM + ε as LLTMs. 
Embretson [6] shows that the LLTM fulfills the four criteria 
she defined for assessing construct representation. Moreover, 
LLTMs are considered as a method of construct validation 
[14, 16, 17]. Several applications of LLTMs are found in 
education [13, 18] or cognitive psychology [19], but to our 
knowledge, there are no applications of LLTMs to explain 
the item difficulty variability of Activities of Daily Living 
(ADL) instruments.

Soon et al. [20] considered a number of ADL activities 
(previously determined in an ADL taxonomy) and estab-
lished an ordered structure of actions within each activity. 
Although there is evidence for such a hierarchy, we did not 
find any study trying to explain what makes a task more 
difficult to perform than another. On the other hand, Fong 
et al. [21] argued that understanding the contributions of 
physical and cognitive demands to be able to carry out a task 
could provide more accurate knowledge for predicting inde-
pendence, detecting early functioning decline, addressing 

patient safety, and tailoring treatment; they gave numerical 
ratings to the cognitive demand and to the physical demand 
of some tasks, and they argued that this information could 
help in clinical decision making and planning in rehabilita-
tion. However, they did not assess if these potential predic-
tors (cognitive and physical demand) could help to explain 
the variability in task difficulty, choosing also not to sort the 
tasks from easy to difficult.

In this study, we wanted to not only establish a hierarchy 
from easier to more demanding ADL task, but try to explain 
why the tasks are sorted in this way considering intrinsic 
properties of the tasks (such as cognitive and physical 
demand) as predictors of the item difficulties in the LLTM 
and LLTM + ε models. These intrinsic properties would 
constitute the theoretical framework necessary to assess the 
validity of an instrument assessing ADL such as the Evalu-
ation of Daily Activity Questionnaire (EDAQ). Hence, the 
objective of this study is to support construct validity of the 
EDAQ by using item properties accounting for item difficul-
ties. Specifically, we aim (1) to identify potential predictors 
of the hierarchical order in difficulty of the items that make 
up the EDAQ, (2) to derive a reliable weight for each predic-
tor and item, and (3) to explain the hierarchical order from 
a theoretical perspective.

Methods

Instrument

The EDAQ is a Swedish Patient-Reported Outcome Measure 
consisting of ADL items. The linguistically validated Eng-
lish version contains 138 items of 14 domains [22]: eating 
and drinking; in the bathroom and personal care; dressing; 
bathing and showering; cooking; moving indoors; cleaning 
the house; laundry and clothes care; moving and transfers; 
communication; moving outdoors and shopping; gardening 
and house maintenance; caring; leisure and social activi-
ties. The last two domains (consisting of 18 items) were not 
considered in the LLTMs because the activities described 
are very broad and do not correspond to tasks as such. The 
remaining 12 domains (120 items) relate to chapters d4 
(Mobility), d5 (Self-care), and d6 (Domestic Life) of the 
International Classification of Functioning, Disability, and 
Health (ICF) [23].

The EDAQ was administered to 383 adults with Rheu-
matoid Arthritis. They had to indicate their ability to carry 
out each of the activities. The answers to all items were in 
an ordinal scale ‘0 = without difficulty’, ‘1 = with some diffi-
culty’, ‘2 = with much difficulty’, ‘3 = unable to do’. For each 
item, they had to fill in two sections, (A) ‘How do you do 
the activity without using an aid/gadget, alternate method or 
help?’ and (B) ‘How else do you do it with an aid/gadget or 
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alternate method?’. In ICF’s terminology, A corresponds to 
capacity and B to performance. For this study, we analyzed 
the capacity (A) answers.

Construct validity

To assess the construct validity of the EDAQ, we analyzed 
how close the estimated item difficulties derived from the 
Rasch model were to the predicted ones using LLTMs in 
a three-step process. The first step consisted of estimating 
the Rasch item difficulties. In the second step, if the Rasch 
model showed acceptable fit, LLTM and LLTM + ε were 
built to predict item difficulties and the best model was 
selected. To do that, a set of intrinsic properties of the items 
were identified and the weights (the values given to these 
properties) were determined. Finally, in the last step, the 
correlation among estimated and predicted item difficulties, 
as well as the proportion of variance explained by predicted 
item difficulties, was assessed.

The ordinal responses of the EDAQ were dichotomized so 
that the LLTM + ε could be applied in the R software. The 
categories were grouped as follows: ‘0 = without difficulty 
or with some difficulty’, ‘1 = with much difficulty or unable 
to do’. This dichotomization was done conceptually, so that 
the two lower levels of the EDAQ responses—representing 
either no or a small amount of difficulty, and the two higher 
levels—representing either a large amount of difficulty or 
an inability to perform a task, were compared. This seemed 
to us the most natural split to distinguish easy from difficult 
tasks.

Step 1: Estimating Rasch item difficulties 
from the EDAQ

The Rasch model for dichotomous data is expressed as 
follows:

where the probability P that person � has much difficulty or 
is unable to do task i depends on the difference between the 
person ability θ and item difficulty β.

There was a large amount of Local Dependency (LD) 
among the 120 EDAQ items. Therefore, we selected I = 42 
items free of LD from which we derived the Rasch item dif-
ficulty estimates using the RUMM2030 software, where the 
estimation is based on conditional maximum likelihood [24]. 
Fit of the model was evaluated via the item–trait interaction 
Chi-square test. Unidimensionality was evaluated follow-
ing Smith’s Principal Component Analysis (PCA) approach 
[25]: Two item sets from the residuals PCA analysis were 
identified, the person estimates from the two sets were 
compared using a t test, and the number of cases differing 

(1)P
(
Xi� = 1|��, �i

)
=

e��−�i

1 + e��−�i
,

significantly at the 5% level was considered. If this number 
(or the lower bound of a binomial 95% confidence interval) 
was below 5%, unidimensionality was accepted.

Step 2: Predicting item difficulties with LLTMs

The Linear Logistic Test Model [26] is defined as a Rasch 
model with a restriction on the item difficulties �i

where qij are the weights of item i on property j and �j are 
basic parameters of the LLTM to be estimated. Hence, �i 
are not estimated in the Rasch model as in (1) but decom-
posed as a weighted sum of theoretical item properties, what 
reduces the number of parameters to estimate, because in 
general the number of properties J is smaller than the num-
ber of items I.

The LLTM assumes that all the variance in item difficulty 
is explained by the item properties, which is rarely the case. 
This assumption can be relaxed by applying the LLTM + ε 
[15] which incorporates an error term to (2)

where �i ∼ N(0, �2
�
).

A design matrix containing the weights qij , denoted as 
Q-matrix, was defined for both LLTMs. The items were 
located in rows, and the properties in columns. The correla-
tions among the properties were computed to detect potential 
multicollinearity. Having highly correlated properties (above 
0.9 [27]) in (2) and (3) should be avoided.

Identifying a set of intrinsic properties of the ADL items

After performing a pilot study, reviewing the literature, 
and having discussions with clinical experts of ADL tasks, 
namely, Occupational Therapists (OTs), we selected J = 7 
intrinsic properties of ADL items as potential predictors 
of the item difficulties: (1) Overall physical demand, (2) 
Bilateral hand involvement, (3) Fine hand use, (4) Physi-
cal endurance, (5) Overall cognitive demand, (6) Sequence 
complexity, and (7) Concentration.

Ordinal ratings of the properties

The properties had to be assigned a value to put in the 
Q-matrix. We needed clinical judgment for that, and 
therefore we sent out a questionnaire to professional OTs 
where they were asked to rate each ADL property for the 

(2)�i = �0 +

J∑

j=1

qij�j,

(3)�i = �0 +

J∑

j=1

qij�j + �i,
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42 ADL items. In Table 1, the range of the ordinal rat-
ings for the seven properties is specified. Bilateral hand 
involvement was rated in a 0–3 ordinal scale, and the 
other properties in a 0–10 ordinal scale.

The ratings were mostly collected using a snowball 
technique. NDA contacted OTs worldwide whom she 
knew directly or through a colleague. She or the colleague 
sent an email to the OT inviting them to participate, and 
also asking them to forward the email to OT colleagues. 
In the email of invitation, OTs were asked to fill in an 
attached Excel file. Instructions on how to complete the 
form were in the Excel file itself. Once completed, they 
sent back the Excel file to NDA attached to an email.

NDA also contacted several OT associations including 
the Council of Occupational Therapists for the European 
Countries (COTEC) and World Federation of Occupa-
tional Therapists (WFOT). Only one OT from the COTEC 
participated.

All the professionals contributed to the study on a 
voluntary basis, giving explicit consent to participate by 
returning the completed Excel file via email. A confirma-
tion that ethics approval was not required for this study 
was granted from the Ethics Committee Northwest and 
Central Switzerland (EKNZ) on the 9th of May 2018.

Deriving the weights of the Q‑matrix from the ordinal 
ratings

Thirty-nine OTs participated in the project, so we had 39 rat-
ings for each combination of ADL item and property. These 
ratings were on an ordinal scale, and we required an aggregate 
estimate, ideally at an interval scale metric, for each combina-
tion of task and property. A Cumulative Link Mixed Model 
(CLMM), implemented in the ordinal package [28] of the R 
software, allowed us to satisfy that purpose. Cumulative link 
models are designed to model ordinal responses [29]: For each 
level l of the ordinal response (0, 1, 2, or 3 for Bilateral hand 
involvement, or 0–10 for the other properties), the cumulative 
probability of being in level l or lower is modeled. As the 
OTs might have used the response scale differently, we added 
random effects for OTs so that the different scale perceptions 
were taken into account.

We applied seven CLMMs, one for each property. In each 
model, the ordinal ratings to the property (integers from 0 to 
3 for Bilateral hand involvement, or from 0 to 10 otherwise) 
were the response variable. A categorical factor with the ADL 
items as categories was the single explanatory variable of the 
model. We took the OT effects to be random (random inter-
cept), assuming that they followed a normal distribution.

The formula of each CLMM is as follows:

(4)log it(P
(
Yijk ≤ l

)
) = zjl − qijADL − uijk,

Table 1   Explanation of the 
ordinal ratings

Property Range of the ordinal 
ratings

Explanation

Overall physical demand 0–10 0 = no physical demand required
to
10 = extreme physical demand required

Bilateral hand involvement 0–3 0 = one hand suffices
1 = one hand in a sequence
2 = keeping one steady hand
3 = two active hands

Fine hand use 0–10 0 = no fine hand use required
to
10 = extreme fine hand use required

Physical endurance 0–10 0 = no physical endurance required
to
10 = extreme physical endurance required

Overall cognitive demand 0–10 0 = no cognitive demand required
to
10 = extreme cognitive demand required

Sequence complexity 0–10 0 = no complexity
to
10 = extreme complexity

Concentration 0–10 0 = no concentration
to
10 = extreme concentration
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where i = 1,…,I = 42 items (ADL tasks), j = 1,…,J = 7 item 
properties, k = 1,…,K = 39 OTs, l = 0,…,L levels of ordinal 
response, L = 3 if the property is Bilateral hand involvement, 
L = 10 otherwise.

Yijk were the ordinal ratings of OT k to the property j 
of item i; zjl were threshold parameters; qij were the coef-
ficients for the categories of the ADL factor (the ‘weights’ 
of the Q-matrix, an aggregated measure in an interval 
scale metric for j); and uijk were the random effects (OT 
variable) following a normal distribution, uijk ∼ N(0, �2

u
).

A sum zero parameterization was employed so that an 
estimate for each category of the ADL factor could be 
obtained. Maximum likelihood estimates of the parameters 
were provided using the adaptive Gauss–Hermite quadra-
ture method to compute the likelihood function. Each of 
the seven CLMMs was compared to the respective cumula-
tive link model without random effects, all with unstruc-
tured thresholds. The distribution of the random effects 
estimates was evaluated.

LLTM estimation

Both LLTM and LLTM + ε can be formulated as gener-
alized linear mixed models [30, 31]. We used the glmer 
function from the lme4 package [32] from the R software 
(version 3.5.0) to estimate both LLTM and LLTM + ε. In 
lme4, a Laplace approximation of the likelihood is maxi-
mized [33]. In both models, the person parameter θ was 
treated as a random effect and the basic parameters αj as 
fixed effects. To include the error term ε in LLTM + ε, the 
items were also treated as random effects [34].

The goodness-of-fit indices Akaike information crite-
rion (AIC) [35] and Bayesian information criterion (BIC) 
[36] were used to compare the LLTMs.

Predicted item difficulties were obtained from the best 
fitting LLTM model, and their standard error was com-
puted via bootstrapping with 1000 iterations [37].

Step 3: Comparing estimated and predicted item 
difficulties

The predicted item difficulties were correlated with the 
estimated Rasch item difficulties from Eq. (1). The higher 
the correlation, the more plausible the fact that variation 
in ADL difficulties was explained by the properties in the 
LLTM model, and therefore, the higher the support for 
construct validity. The proportion of variance explained 
in the estimated item difficulties by the predicted item dif-
ficulties, or the R2 value [38], was also computed.

Results

Step 1: Rasch item difficulties

The 42 EDAQ dichotomous items fitted a unidimensional 
Rasch model (p value of the item–trait interaction Chi-
square test: 0.14). The relative number of significant t tests 
from the residuals PCA was 0.041. The estimated Rasch dif-
ficulties of the 42 items are shown in the penultimate column 
of Table 2. They range from − 3.18 logits (S5A13: Open 
fridge door) to 4.57 logits (S12A3: Heavy gardening).

Step 2: Predicting item difficulties with LLTMs

Deriving the weights of the Q‑matrix

Figure 1 shows a barplot of the OTs who participated in 
the study by country. Seventeen OTs from Europe, 16 from 
Asia, five from North and South America, and one from 
Oceania participated. Thailand, Japan, Spain, and Switzer-
land were the countries with most representation.

Seven CLMMs were fitted considering each property as 
the response variable, the factor of I = 42 categories corre-
sponding to the ADL items as the single explanatory vari-
able, and the OT ratings as random effects, as explained in 
the "Methods" section. The coefficients of the ADL factor 
were the weights of the Q-matrix. Each model was also com-
pared to the respective model without random effects, and 
in the seven cases adding a random effect for the intercept 
considerably improved the fit.

All the models converged with 20 quadrature nodes. The 
standard deviations of the random effects ranged from 1.20 
(Bilateral hand involvement) to 1.96 (Concentration). We 
computed a 95% confidence interval for the random effects 
based on the estimated random effects standard deviation for 
each model. From 3 to 4 OTs (10% of the 39) in each model 
had a random effect outside the 95% Confidence Interval.

The weights of the Q-matrix are found in Table 2, and 
the most demanding tasks for each property are shown in 
Table 3.

LLTM estimation

Four correlations among properties were above 0.9: (1) 
Overall physical demand and Physical endurance (0.97), (2) 
Overall cognitive demand and Sequence complexity (0.95), 
(3) Overall cognitive demand and Concentration (0.95), and 
(4) Sequence complexity and Concentration (0.91).

Under the LLTM, the seven properties had a signifi-
cant contribution to predicting the difficulty of ADL tasks 
(Table 4). Under the LLTM + ε, three properties were no 
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Table 2   Q-Matrix and estimated and predicted item difficulties

Item Q-Matrix Item difficulties

Overall 
physical 
demand

Bilateral 
hand 
involvement

Fine hand 
use

Physical 
Endurance

Overall 
cognitive 
demand

Sequence 
Complexity

Concentra-
tion

Rasch 
model

Predicted 
from 
LLTM + ε sig

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)

Estimate 
(SE)b

S1A1: Lift a 
glass

− 2.78 (0.3) − 4.38 (0.46) − 1.93 (0.3) − 2.78 (0.3) − 3.15 (0.32) − 3.12 (0.31) − 2.85 (0.31) − 1.48 (0.23) − 1.9 (0.27)

S1A4: Slice 
food (e.g., 
bread, 
cheese)

− 0.26 (0.28) 0.59 (0.3) 0.4 (0.28) − 0.2 (0.28) 0.35 (0.3) 0.39 (0.3) 1.08 (0.31) 0.55 (0.17) − 0.18 (0.05)

S1A8: Open 
a screw 
top jar or 
bottle

0.31 (0.29) 0.8 (0.29) 0.18 (0.27) − 0.06 (0.28) − 0.94 (0.28) − 1.38 (0.28) − 1.44 (0.27) 3.54 (0.16) 1.95 (0.28)

S2A2: Wipe 
yourself 
with toilet 
paper/
clean self 
below

− 0.48 (0.29) − 0.92 (0.29) − 0.33 (0.27) − 0.78 (0.29) − 0.44 (0.29) 0.21 (0.28) − 0.41 (0.27) − 1.14 (0.22) − 1.1 (0.13)

S2A4: Flush 
the toilet

− 3.14 (0.31) − 4.18 (0.43) − 2.85 (0.3) − 3.6 (0.31) − 3.34 (0.32) − 3.42 (0.31) − 4.46 (0.34) − 2.89 (0.32) − 2.69 (0.31)

S2A6: Wash 
your hands

− 2.1 (0.3) 3.73 (0.61) − 1.33 (0.28) − 2.2 (0.29) − 1.59 (0.29) − 0.43 (0.29) − 1.61 (0.28) − 3.06 (0.33) − 2 (0.46)

S2A9: Use 
a tube of 
toothpaste

− 2.21 (0.28) 0.61 (0.3) 0.39 (0.27) − 1.81 (0.29) − 0.85 (0.28) − 0.21 (0.27) − 1.02 (0.28) − 1.52 (0.24) − 1.4 (0.2)

S2A11: Do 
your make 
up or shave

0.03 (0.29) 1.19 (0.35) 2.33 (0.29) 0.06 (0.27) 1.94 (0.28) 2.3 (0.28) 2.46 (0.3) − 1.74 (0.26) − 0.05 (0.19)

S2A12: Put 
on jewel-
ery/watch

− 1.94 (0.3) 0.99 (0.31) 2.8 (0.31) − 1.64 (0.3) 0.32 (0.28) 0.83 (0.27) 0.84 (0.29) 0.28 (0.18) − 0.03 (0.27)

S3A1: Put 
on/take off 
a coat

− 0.47 (0.27) 1.53 (0.38) − 1.42 (0.31) − 0.74 (0.29) − 0.18 (0.28) 0.23 (0.27) − 0.72 (0.28) − 1.03 (0.21) − 1.62 (0.27)

S3A5: Pull 
clothes 
over your 
feet

0.09 (0.27) 1.77 (0.36) − 0.6 (0.27) − 0.24 (0.29) − 0.43 (0.27) 0.2 (0.26) − 0.9 (0.28) − 0.33 (0.19) − 0.32 (0.16)

S3A6: Do 
up/undo 
zips

− 2.14 (0.28) 0.63 (0.3) 2.1 (0.29) − 1.93 (0.28) − 0.38 (0.29) 0 (0.27) − 0.14 (0.28) − 0.64 (0.2) − 0.06 (0.26)

S3A11: Fas-
ten clothes 
at the back

0.54 (0.27) 2.06 (0.38) 1.55 (0.3) 0.17 (0.27) 1.17 (0.28) 0.58 (0.27) 0.76 (0.28) 3 (0.17) 1.62 (0.2)

S4A4: Turn 
taps (any 
in home)

− 1.37 (0.28) − 3.54 (0.37) − 0.99 (0.29) − 2.03 (0.3) − 1.96 (0.28) − 2.46 (0.3) − 2.8 (0.29) − 0.19 (0.19) − 0.31 (0.24)

S4A5: Wash 
your back 
and neck

0.73 (0.27) − 0.01 (0.31) − 1.29 (0.27) 0.56 (0.28) − 0.49 (0.26) − 0.28 (0.28) − 0.4 (0.27) 1.01 (0.17) − 0.16 (0.12)

S4A9: Style/
blow-dry 
your hair

0.9 (0.28) 2.11 (0.41) 0.26 (0.28) 1.43 (0.28) 0.81 (0.27) 0.98 (0.27) 1.05 (0.28) 0.39 (0.2) 0.45 (0.13)
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Table 2   (continued)

Item Q-Matrix Item difficulties

Overall 
physical 
demand

Bilateral 
hand 
involvement

Fine hand 
use

Physical 
Endurance

Overall 
cognitive 
demand

Sequence 
Complexity

Concentra-
tion

Rasch 
model

Predicted 
from 
LLTM + ε sig

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)

Estimate 
(SE)b

S4A10: Cut/
file your 
finger nails

− 0.91 (0.28) 0.49 (0.32) 2.72 (0.29) − 0.82 (0.28) 1.22 (0.26) 0.64 (0.27) 2.62 (0.3) 0.6 (0.18) 0.96 (0.26)

S5A1: Stand 
while 
working in 
the kitchen

1.86 (0.29) − 1.26 (0.38) − 3.08 (0.46) 2.48 (0.31) − 0.64 (0.37) − 1.11 (0.37) − 0.27 (0.36) − 0.55 (0.2) − 0.06 (0.28)

S5A4: Carry 
a full pan 
to/from the 
cooker

1.91 (0.27) 1.69 (0.36) − 0.73 (0.28) 1.75 (0.28) 0.45 (0.28) − 0.1 (0.27) 1.28 (0.28) 2.75 (0.16) 1.52 (0.16)

S5A10: Put 
crocker/
pans 
etc into 
kitchen 
cupboards

1.1 (0.27) 1.41 (0.35) − 0.39 (0.26) 0.85 (0.28) 0.39 (0.26) 0.2 (0.27) 0.53 (0.26) − 0.3 (0.19) 0.73 (0.1)

S5A11: Use 
a kettle 
(e.g., fill, 
pour)

0.21 (0.28) 0.18 (0.29) − 0.36 (0.25) 0.36 (0.26) 0.7 (0.27) 0.28 (0.25) 1.14 (0.27) 0.22 (0.18) − 0.37 (0.08)

S5A13: 
Open 
fridge door

− 1.41 (0.28) − 3.17 (0.36) − 2.49 (0.29) − 1.71 (0.29) − 2.74 (0.31) − 2.96 (0.31) − 3.15 (0.31) − 3.18 (0.34) − 1.07 (0.23)

S6A3: Lock 
and unlock 
doors

− 1.61 (0.28) − 1.58 (0.29) 0.9 (0.28) − 2.01 (0.28) 0.1 (0.29) 0.03 (0.28) − 0.38 (0.29) − 0.87 (0.2) − 1.02 (0.15)

S6A9: Reach 
up

− 0.49 (0.28) − 3.17 (0.35) − 3.47 (0.33) − 0.63 (0.29) − 3.03 (0.33) − 3.52 (0.34) − 2.1 (0.32) 0.85 (0.17) − 0.51 (0.28)

S6A12: 
Manage 
heating 
(e.g., 
controls, 
wood-
burner, 
multifuel 
stove, open 
fire)

− 0.43 (0.33) − 0.36 (0.32) 0.62 (0.27) − 0.22 (0.3) 2.44 (0.29) 1.39 (0.29) 1.89 (0.29) − 1.43 (0.24) − 1.31 (0.19)

S7A1: Make 
the bed

2.67 (0.29) 2.67 (0.43) 0.31 (0.28) 2.07 (0.29) 1.34 (0.27) 2.19 (0.27) 1.16 (0.27) 0.6 (0.17) 1.02 (0.23)

S7A4: 
Wring out 
a cloth

0.98 (0.28) 3.39 (0.54) 0.14 (0.27) 1.64 (0.29) − 1.02 (0.27) − 0.71 (0.28) − 0.93 (0.28) 1.56 (0.16) 2.34 (0.34)

S7A5: 
Vacuum 
clean

2.62 (0.28) 1.01 (0.33) − 0.78 (0.27) 2.98 (0.28) 0.93 (0.27) 1.11 (0.26) 0.93 (0.27) 1.44 (0.17) 0.81 (0.22)

S7A6: Open 
a window

− 0.75 (0.27) − 1.5 (0.32) − 1.22 (0.27) − 1.02 (0.27) − 1.57 (0.27) − 1.34 (0.28) − 1.81 (0.27) − 0.34 (0.19) − 0.67 (0.11)

S7A7: Clean 
windows

2.52 (0.28) − 0.01 (0.29) − 0.46 (0.27) 2.56 (0.29) 0.6 (0.27) 0.94 (0.27) 0.99 (0.28) 2.47 (0.17) 0.99 (0.22)
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Table 2   (continued)

Item Q-Matrix Item difficulties

Overall 
physical 
demand

Bilateral 
hand 
involvement

Fine hand 
use

Physical 
Endurance

Overall 
cognitive 
demand

Sequence 
Complexity

Concentra-
tion

Rasch 
model

Predicted 
from 
LLTM + ε sig

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)a

Estimate 
(SE)

Estimate 
(SE)b

S8A1: Do 
the hand 
washing

1.52 (0.3) 3.04 (0.49) 0.31 (0.27) 1.53 (0.3) 0.62 (0.29) 0.88 (0.29) 0.5 (0.27) 1.52 (0.18) 1.34 (0.18)

S8A3: Hang 
out wash-
ing

2.21 (0.28) 1.82 (0.36) 0.55 (0.27) 2.19 (0.28) 0.54 (0.27) 1.32 (0.27) 0.74 (0.26) 0.51 (0.18) 1.52 (0.15)

S8A4: Plug 
in and pull 
out a plug 
(any in 
home)

− 1.12 (0.28) − 2.67 (0.33) 0.22 (0.28) − 1.43 (0.29) − 0.91 (0.28) − 1.48 (0.28) − 0.96 (0.3) − 0.12 (0.18) 0.16 (0.22)

S8A5: Put 
up an iron-
ing board

0.8 (0.27) 3.11 (0.5) − 0.22 (0.25) 0.37 (0.27) 0.36 (0.26) 0.73 (0.27) 0.47 (0.27) 0.51 (0.18) 0.38 (0.21)

S8A8: Use 
scissors 
(any in 
home)

− 0.99 (0.28) − 0.12 (0.3) 2.74 (0.29) − 0.24 (0.28) 1.48 (0.28) 0.92 (0.28) 2.24 (0.28) 0.81 (0.17) 0.51 (0.24)

S10A1: Use 
a phone/
mobile/
smart-
phone

− 2.49 (0.3) − 0.73 (0.3) 2.22 (0.28) − 1.91 (0.29) 3.46 (0.31) 2.91 (0.3) 2.64 (0.28) − 2.56 (0.29) − 3.41 (0.42)

S10A3: 
Write

− 1.23 (0.31) − 1.49 (0.31) 3.84 (0.31) − 0.12 (0.29) 3.72 (0.32) 2.76 (0.32) 3.46 (0.31) − 0.66 (0.2) − 0.83 (0.37)

S10A6: Use 
remote 
controls 
(e.g., TV)

− 2.98 (0.33) − 3.46 (0.35) 1.41 (0.31) − 2.83 (0.3) 1.39 (0.3) 0.47 (0.31) 0.32 (0.3) − 3.18 (0.34) − 2.61 (0.32)

S11A5: Get 
in and out 
of a car 
and open 
car door

1.77 (0.27) − 1.27 (0.31) − 1.2 (0.26) 1.21 (0.28) − 0.16 (0.29) 0.22 (0.31) − 0.55 (0.29) − 0.92 (0.21) 0.16 (0.23)

S11A8: 
Open a 
heavy 
(e.g., shop) 
door

2.83 (0.29) − 0.99 (0.32) − 1.57 (0.29) 2.16 (0.31) − 1.7 (0.31) − 1.66 (0.3) − 1.57 (0.3) 1.69 (0.16) 2.74 (0.32)

S1112: Hold 
a walking 
stick

− 0.73 (0.29) − 3.68 (0.38) − 1.25 (0.28) 0.33 (0.32) − 1.81 (0.31) − 1.95 (0.32) − 1.73 (0.32) − 0.76 (0.23) − 0.45 (0.22)

S12A3: 
Heavy 
gardening 
(e.g., dig, 
mow)

6.45 (0.39) 3.66 (0.61) 1.98 (0.31) 6.22 (0.37) 2.99 (0.3) 3.38 (0.31) 3.08 (0.3) 4.57 (0.2) 4.94 (0.47)

LLTM + ε sig linear logistic test model plus error with significant predictors, SE standard error
a Estimates from cumulative link mixed models
b Bootstrap standard error
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longer significant (Physical endurance, Overall cognitive 
demand, and Concentration). The LLTM+ ε fitted signifi-
cantly better than the LLTM (χ2(1) = 489, p value < 0.001). 
A model with the four significant properties ‘LLTM + ε sig’ 
was also considered, and a Chi-square test revealed that 
LLTM + ε did not fit significantly better than LLTM + ε sig 
(χ2(3) = 5.7, p value = 0.13). Besides, under LLTM + ε sig 

all the correlations among the properties were below 0.9, so 
that the strong collinearity present in LLTM and LLTM + ε 
was no longer there in LLTM + ε sig. Hence, LLTM + ε sig 
was the preferred choice.

Under LLTM + ε sig, Overall physical demand, Bilat-
eral hand involvement, and Fine hand use had posi-
tive coefficients, while the coefficient for Sequence 

Fig. 1   Participation of occupa-
tional therapists by country
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Table 3   Most demanding ADL tasks by property

ADL activities of daily living

ADL property Most demanding 
task 1

Most demanding 
task 2

Most demanding 
task 3

Most demanding 
task 4

Most demanding task 5

Overall physical 
demand

S12A3: Heavy 
gardening (e.g., dig, 
mow)

S11A8: Open a heavy 
(e.g., shop) door

S7A1: Make the bed S7A5: Vacuum clean S7A7: Clean windows

Bilateral hand 
involvement

S2A6: Wash your 
hands

S12A3: Heavy 
gardening (e.g., dig, 
mow)

S7A4: Wring out a 
cloth

S8A5: Put up an iron-
ing board

S8A1: Do the hand 
washing

Fine hand use S10A3: Write S2A12: Put on jew-
elry/watch

S8A8: Use scissors 
(any in home)

S4A10: Cut/file your 
finger nails

S2A11: Do your make 
up or shave

Physical endurance S12A3: Heavy 
gardening (e.g., dig, 
mow)

S7A5: Vacuum clean S7A7: Clean windows S5A1: Stand while 
working in the 
kitchen

S8A3: Hang out wash-
ing

Overall cognitive 
demand

S10A3: Write S10A1: Use a phone/ 
mobile/smartphone

S12A3: Heavy 
gardening (e.g., dig, 
mow)

S6A12: Manage heat-
ing (e.g., controls, 
woodburner, multi-
fuel stove, open fire)

S2A11: Do your make 
up or shave

Sequence complexity S12A3: Heavy 
gardening (e.g., dig, 
mow)

S10A1: Use a phone/
mobile/smartphone

S10A3: Write S2A11: Do your make 
up or shave

S7A1: Make the bed

Concentration S10A3: Write S12A3: Heavy 
gardening (e.g., dig, 
mow)

S10A1: Use a phone/
mobile/smartphone

S4A10: Cut/file your 
finger nails

S2A11: Do your make 
up or shave
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complexity was negative. A positive coefficient indicated 
that the more of the property, the harder the ADL task. 
Bilateral hand involvement had the lowest positive impact 
to the item difficulty, and Overall physical demand the 
highest positive impact. The negative impact of Sequence 
complexity translates into the fact that the higher the 
number of steps to be performed, the easier the task.

Table 5 shows goodness-of-fit indies (AIC and BIC) 
for the three models. Lower values of these indices indi-
cate better fit. LLTM + ε sig shows the lowest values 
in both AIC and BIC, being again the preferred choice. 
Thus, the predicted item difficulties were computed via 
LLTM + ε sig, and they are presented in the last column of 
Table 2 together with a bootstrap standard error. The esti-
mated Rasch standard errors were similar to the bootstrap 
standard errors for the predicted difficulties (the differ-
ences among them ranged between − 2.78 and 0.12, with 
a median of − 0.03 and an interquartile range of 0.12).

Step 3: Comparing estimated and predicted item 
difficulties

The correlation among the estimated item difficulties from 
the Rasch model (penultimate column of Table 2) and the 
predicted item difficulties under LLTM + ε sig (last col-
umn of Table 2) was 0.88 (p value < 0.001). The variance 
of the predicted item difficulties, 2.44, was lower than the 
variance of the Rasch difficulties, 3.17. Figure 2 shows a 
scatterplot of the estimated versus predicted item difficul-
ties. The proportion of variance in estimated item difficul-
ties explained by the predicted item difficulties was 77.5%.

Table 4   Estimates of the item 
properties under the LLTM and 
LLTM + ε 

LLTM, linear logistic test model, LLTM + ε linear logistic test model plus error, LLTM + ε sig linear logistic 
test model plus error with significant predictors, SE standard error
*p value < 0.05
a Variance (standard deviation)

Effects Parameter LLTM LLTM + ε LLTM + ε sig
Estimate (SE) Estimate (SE) Estimate (SE)

Fixed effects Intercept − 2.93* (0.15) − 3.19* (0.2) − 3.19* (0.2)
Overall physical demand 0.95* (0.08) 0.99* (0.31) 0.92* (0.09)
Bilateral hand involvement 0.27* (0.02) 0.27* (0.09) 0.18* (0.08)
Fine hand use 0.65* (0.03) 0.72* (0.14) 0.86* (0.14)
Physical endurance − 0.17* (0.08) − 0.14 (0.33)
Overall cognitive demand 0.56* (0.09) 0.48 (0.38)
Sequence complexity − 1.57* (0.07) − 1.59* (0.31) − 0.99* (0.16)
Concentration 0.15* (0.06) 0.22 (0.26)

Random effects �� 7.50 (2.74)a 8.89 (2.98)a 8.90 (2.98)a

�
i

0.54 (0.73)a 0.62 (0.79)a

Table 5   Goodness of fit

AIC Akaike information criterion, BIC Bayesian information crite-
rion, LLTM linear logistic test model, LLTM + ε linear logistic test 
model plus error, LLTM + ε sig linear logistic test model plus error 
with significant predictors

Model Number of param-
eters

AIC BIC

LLTM 9 8940.45 9009.08
LLTM + ε 10 8453.82 8530.08
LLTM + ε sig 7 8453.53 8506.92
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Fig. 2   Rasch item difficulties versus predicted item difficulties
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Discussion

In this study, we aimed to support construct validity of the 
EDAQ by using item properties accounting for item diffi-
culties. We identified seven properties of ADL items rated 
in a 0–10 scale (except Bilateral hand involvement, in a 
0–3 scale) by 39 occupational therapists. Seven CLMMs 
were employed to derive the weights of the properties to 
42 locally independent EDAQ items. Three LLTMs were 
fitted, and the LLTM + ε model including only the four 
significant predictors of LLTM + ε (LLTM + ε sig) was 
the preferred choice to predict item difficulties. These 
four predictors—Overall physical demand, Bilateral hand 
involvement, Fine hand use, and Sequence complex-
ity—accounted for 77.5% of the variability in the Rasch 
estimated item difficulties. Thus, a substantial amount 
of item variability has been explained from a theoretical 
perspective.

The three non-significant properties—Physical endur-
ance, Overall cognitive demand, and Concentration—were 
highly correlated to Overall physical demand (the first) and 
to Sequence complexity (the latter two), and therefore a 
subset of the seven properties (not the whole set) with 
acceptable correlations should be considered when pre-
dicting item difficulties. A plausible subset was the one 
consisting of the significant properties of LLTM + ε. Hav-
ing a non-significant Chi-square value in comparing the 
LLTM + ε models with and without the non-significant 
predictors indicates that the contribution of the non-
significant predictors in explaining the variance in item 
difficulty was negligible. Hence, excluding them when it 
comes to predict item difficulties should not impact the 
evaluation of the validity of the EDAQ.

As expected, the higher the amount of Overall physical 
demand, Bilateral hand involvement, and Fine hand use, 
the more difficult is the task to perform. On the contrary, 
the higher the Sequence complexity, the easier the task; 
this could be explained due to the fact that, after the other 
properties are accounted for, if a task can be broken down 
into several smaller tasks done in a sequence, this should 
make the process easier.

It seems that Sequence complexity acted as a ‘suppres-
sor variable’ [39], because in a univariate context, it was 
significantly correlated with the predictors Overall physi-
cal demand and Fine hand use, and it was not correlated 
with the outcome (Rasch estimated item difficulties). In a 
model containing the predictors Overall physical demand 
and Fine hand use, after adding Sequence complexity as 
a predictor, the latter became significant and the positive 
predictive effects of the former two were enhanced. These 
former two on the one hand and Sequence complexity 
on the other hand had significant opposite effects on the 

outcome, being the former two positive and the latter nega-
tive. However, it is important to note that while Sequence 
complexity has the hallmarks of a suppressor variable, it 
also has a conceptual validity in making tasks easier if 
they can be broken down into discrete sub-components, 
conditioned on the physical attributes.

The LLTM + ε sig model derived in this study provides 
a theoretical explanation of the processes involved in per-
forming ADL tasks, therefore supporting construct validity 
of the EDAQ. The EDAQ had already been validated using 
empirical and statistical methods [22], as it is done in the 
majority of health instruments. However, in such empiri-
cally oriented methods, there is no theoretical explanation 
on what happens between the attribute and the instrument 
scores. And without such an explanation, the validation of an 
instrument is incomplete [5]. Hence, LLTMs are a valuable 
tool for providing validity evidence. Ideally, they should be 
part of the process of construct validation, not making use 
of just purely empirical and statistical methods.

This study presents some limitations. First, it is impos-
sible to include all the possible properties of the items that 
predict item difficulty. Although we carefully thought about 
the selected ADL properties, we could have missed relevant 
predictors. Secondly, the weights of the Q-matrix were esti-
mates derived from CLMMs, therefore they had measure-
ment error. The potential impact of this error in assessing 
construct validity using item properties to predict item dif-
ficulties could be the topic of future studies. Thirdly, the 
item difficulties derived in both original Rasch analysis and 
LLTMs were based on a dataset from those with rheumatoid 
arthritis. It is possible that other diagnostic groups, such as 
stroke, may deliver a different hierarchical ordering, and as 
a consequence a different emphasis upon the intrinsic prop-
erties of each item. This will require further investigation.

Finally, we had to dichotomize the EDAQ responses 
to apply the LLTM + ε using the glmer function from the 
lme4 R package. To have an idea of whether dichotomiz-
ing had a considerable impact on the results, we estimated 
the linear equivalent of the LLTM + ε model with the origi-
nal EDAQ responses. In the linear equivalent, the ordinal 
EDAQ responses were treated as an interval scale, which 
is not correct, but in this way we could somehow assess the 
impact of dichotomizing. Interestingly, we obtained the same 
significant predictors in the linear as in the dichotomized 
version, namely, Overall physical demand, Bilateral hand 
involvement, Fine hand use, and Sequence complexity. The 
coefficients of both versions were obviously not the same, 
but they had the same sign and kept the same hierarchy. 
Hence, it seems that dichotomizing the EDAQ responses did 
not have a considerable impact on the results.

The main strength of this study is that it is the first appli-
cation of the LLTM in trying to explain the variability in 
item difficulties of ADL. In addition, deriving an aggregated 
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measure from ordinal ratings using CLMMs, although con-
taining some error, has the advantage of obtaining interval 
scale values and taking into account the variability of the OT 
ratings, which is not possible in a summary measure such as 
the median. As far as we know, it is the first time that such 
a model is used for this purpose. We believe that this model 
can open up the opportunity to assess construct validity by 
using item properties accounting for item difficulties across a 
wider range of health outcomes using ordinal clinical ratings 
of properties of the task.

Conclusion

We strongly believe that using LLTMs adds significant value 
in assessing construct validity. The mere fact of formulat-
ing the basic parameters of the LLTM leads to a clearer 
understanding of the task [40]. We hope that the four ADL 
properties identified in this study can help in predicting per-
formance of other ADL tasks.
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