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to identify risk of high treatment burden
in chronic disease patients: a cross-sectional
study
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Abstract

Background: Effective self-management of chronic health conditions is key to avoiding disease escalation and poor
health outcomes, but self-management abilities vary. Adequate patient capacity, in terms of abilities and resources, is
needed to effectively manage the treatment burden associated with chronic health conditions. The ability to measure
different elements of capacity, as well as treatment burden, may assist to identify those at risk of poor self-manage-
ment. Our aims were to: 1. Investigate correlations between established self-report tools measuring aspects of patient
capacity, and treatment burden; and 2. Explore whether individual questions from the self-report tools will correlate
to perceived treatment burden without loss of explanation. This may assist in the development of a clinical screening
tool to identify people at risk of high treatment burden.

Methods: A cross-sectional survey in both a postal and online format. Patients reporting one or more chronic
diseases completed validated self-report scales assessing social, financial, physical and emotional capacity; quality of
life; and perceived treatment burden. Logistic regression analysis was used to explore relationships between different
capacity variables, and perceived high treatment burden.

Results: Respondents (n=183) were mostly female (78%) with a mean age of 60 years. Most participants were
multimorbid (94%), with 45% reporting more than five conditions. 51% reported a high treatment burden. Following
logistic regression analyses, high perceived treatment burden was correlated with younger age, material deprivation,
low self-efficacy and usual activity limitation. These factors accounted for 50.7% of the variance in high perceived
treatment burden. Neither disease burden nor specific diagnosis was correlated with treatment burden.

Conclusions: This study supports previous observations that psychosocial factors may be more influential than
specific diagnoses for multimorbid patients in managing their treatment workload. A simple capacity measure may
be useful to identify those who are likely to struggle with healthcare demands.
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Background

Living successfully with chronic health conditions

(CHCs) requires effective self-management, including
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abilities vary, and people who struggle with self-manage-
ment are at greater risk of disease escalation, preventable
hospitalisation, and mortality. Earlier identification of
those at risk of poor self-management could enable tar-
geted support to circumvent such outcomes.

Most risk prediction in chronic disease has focussed
on quantifiable late-stage outcomes such as hospitalisa-
tion or mortality, using disease counts and biomarkers
[4-7]. Although measures of self-management ability and
patient engagement exist [8, 9], clinically usable measures
to identify those likely to struggle with self-management
have not been well-explored. This is despite copious
literature describing the barriers to self-management
[10-14].

Health professionals’ assessments of self-management
ability, patient capacity and treatment burden can be
at odds with the patient experience [15, 16]. Clinicians
focus on biomedical status [16, 17] and perceived moti-
vation [18] when assessing patient capacity, whereas
patients consider resource constraints and social support
levels to be more important [15, 19, 20]. Underestima-
tion of treatment burden by health professionals has also
been reported [20], who often focus only on adherence to
specific treatment tasks. Treatment burden is a broader
concept which is dependent on individual perception.
It includes social, emotional, and financial aspects, as
well as the difficulty in task management when one is ill,
fatigued or in pain [15, 17, 21].

An assessment of self-management barriers informed
by the patient, rather than the clinician perspective may
better identify those people likely to struggle with self-
management. Structuring a risk assessment tool is chal-
lenging given the multiple factors associated with poor
self-management but using a capacity-burden model
such as the Cumulative Complexity Model [22] can pro-
vide direction. In this model, successful CHC manage-
ment relies on a balance between capacity and burden
[22]. Capacity describes internal and external resources
such as physical functioning, income, and social sup-
port. Burden, or workload, includes accessing healthcare,
adhering to treatment recommendations, and maintain-
ing a purposeful life. The perception of treatment burden
will depend on individual capacity. A modest number of
treatment tasks can be experienced as an overwhelm-
ing burden if capacity is insufficient, whilst patients with
high levels of capacity may be able to cope with signifi-
cant healthcare demands [23]. If there is inadequate
capacity to service the burden, the patient may struggle
with self-management. This can lead to condition dete-
rioration (further reducing capacity) and treatment esca-
lation (increasing treatment burden) — hence cumulative
complexity [21, 22, 24].
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Measuring capacity and burden has been recom-
mended in order to discover those at risk of cumulative
complexity [21, 24-26]. Self-report treatment burden
tools have been developed [27-29], as well as assess-
ments of capacity such as illness burden, financial and
social capacity scales [30—32]. For patients with estab-
lished multimorbidity, direct measurement of treatment
burden has been recommended [33]. In our study, we
have instead chosen to focus on capacity measurement
for two reasons: first, it could be undertaken early, at the
point of patient assessment or diagnosis, prior to treat-
ment provision or self-management recommendations.
Alerting the clinician to capacity constraints (thus lim-
ited ability to manage treatment burden) would direct
them to simplify treatment demands and/or provide
additional support. Secondly, measuring different ele-
ments of capacity could enable the clinician to pinpoint
the specific barriers for that patient.

Our aim was to investigate the ability of different
capacity domains to act as a ‘flag’ to identify those more
likely to report high treatment burden. We intended to
combine already validated self-report scales to see if they
could provide an overall picture of capacity, and poten-
tially act as a short screening measure usable in the clinic
environment.

The aims of this study are:

1. To explore the correlations between established self-
report tools that measure aspects of capacity, and
treatment burden.

2. To discover whether selected individual questions
from the self-report tools will correlate to treatment
burden without loss of explanation.

We hope that this analysis may support the develop-
ment of a clinically useful tool to identify people at risk of
high perceived treatment burden.

Methods
Study design
This was a cross-sectional design involving the analysis of
data from a survey undertaken both online and in a clinic
population. Research was conducted in accordance with
national ethics guidelines and approval was granted by
the La Trobe University Human Research Ethics Com-
mittee (HEC number 19517).

The choice of screening tools was informed by the
Cumulative Complexity Model [22] and other studies
influenced by this model [23, 34-36].

Recruitment and participants
Adults over the age of 18 with at least one chronic health
condition were eligible to participate in the survey. The
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survey invited “anyone who has one or more chronic
health conditions (e.g., arthritis, diabetes, chronic pain,
heart or lung disease) that affect their daily life” to par-
ticipate. Although the overall focus was on multimorbid-
ity, with one tool developed specifically for multimorbid
populations, a decision was made not to specify a certain
number of health conditions since complexity may still
occur when someone has only one health condition but a
complex psychosocial environment [5, 6].

The onset of COVID-19 required a pivot from the orig-
inal recruitment plan, which involved direct enrolment
of participants from community health waiting rooms
and activity groups using paper and ipad-based surveys.
With services in lockdown and the switch to telehealth,
we instead moved to conducting the survey both online
and via post. The online survey was available from March
to December 2020. It was placed on two patient advocate
websites — Arthritis Australia and Diabetes Australia — as
well as the website of the community health centre where
the postal survey was run. The postal survey was sent in
March 2020 to 400 clients who were registered with the
chronic disease service of a large regional community
health service in Victoria, Australia. Due to resource con-
straints related to COVID, we were unable to follow up
non-respondents. Both paper and online surveys stated
that the researchers were investigating ways to help
health professionals support people with CHCs, that the
survey was anonymous and voluntary and would take
15-20min to complete. Informed consent was inferred
based on completion of the survey.

Survey measures

The focus in this study was to choose already validated
generic (not disease-specific) tools which were short and
simple enough to be used in a clinical setting. If the self-
report tools proved useful, our intention was to even-
tually modify the survey to screen for risk in a chronic
disease population. The survey was trialled with a con-
venience sample of researchers and their acquaintances,
but since all self-report scales had been previously vali-
dated, further pilot testing was not undertaken.

Dependent variable

The primary dependent variable was perceived treatment
burden, measured using the Multimorbidity Treatment
Burden Questionnaire (MTBQ) [29]. This is a 10-item
(plus three optional items) Likert scale measure which
ranks the difficulty of healthcare tasks. We used all thir-
teen items since all were considered relevant in the Aus-
tralian healthcare environment. The MTBQ has good
internal consistency and was validated in a large multi-
morbid primary care population. It was chosen because
it was a shorter and more simply worded tool than the
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other available treatment burden measures [27, 28], and
our focus was on clinical usability. We calculated both a
global MTBQ score as well as treatment burden ranking
(none, low, medium, or high burden), following the scor-
ing process described by Duncan et al. [29, 37].

Independent variables

The independent variables were chosen to cover key
capacity domains. There are currently no validated tools
to assess capacity in its entirety. Capacity describes the
ability for a person to manage their treatment load in
terms of their abilities and resources. It includes social
support, socioeconomic resources, literacy, attitudes/
beliefs, and level of mental/physical functioning [34, 36].
Since the aim was to trial established, clinically usable
tools, we decided to include the following aspects of
capacity: economic, social, personal, and physical.

To assess economic and social capacity, we used the
Deprivation in Primary Care Questionnaire (DiPCare-
Q) which consists of 16 yes/no questions assessing indi-
vidual social, financial and health disadvantage [31]. This
has good psychometric properties (ICC=0.847); has
been validated in a primary care chronic disease popu-
lation [31, 38] and is correlated with treatment burden
and quality of life [39]. Although this is a Swiss scale not
previously used in Australia, the DiPCare-Q has been
professionally translated into several languages including
English. We were unable to find any other measures of
individual deprivation [32, 40, 41] that had been validated
in a primary care population. Following the instructions
of Leiser et al. [38] we generated an overall DiPCare-Q
index (ranging from 0 to 5.4), as well as a material (Mat-
DCQ) and social (SocDCQ) deprivation score to use in
analysis.

Personal capacity includes attitudes, beliefs, resilience,
and self-efficacy. We chose to focus on self-efficacy for
several reasons. Of the wide range of health attitudes
and beliefs, self-efficacy stands out as a well-defined and
strong psychological predictor across multiple outcomes
associated with chronic health conditions [1, 2]. Whilst
resilience is important, the concept is poorly defined,
and current measures cross into several different capac-
ity domains. Therefore, we used the short form Perceived
Medical Condition Self-Management Scale (PMCSMS-4)
[42] to assess personal capacity. This is a validated 4-item
Likert scale (scored from 4 to 20), assessing self-efficacy
for self-management of CHCs. The measure was chosen
because it is not disease-specific, very short and judged
to be more simply worded than comparable generic self-
efficacy measures.

To assess physical capacity, we used the Disease Bur-
den Impact Scale (DBIS) [30, 43]. This consists of a list of
25 possible medical conditions (plus the ability to report
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‘other’ conditions). For each reported condition, the
respondent uses a 5-point Likert scale to rate the interfer-
ence in daily life caused by that condition. This has been
found to be more predictive of quality of life than a dis-
ease count [43], and has been validated in a large multi-
morbid primary care population [30, 44]. It has also been
correlated with the MTBQ [29] and the EQ-5D5L [43].
We followed Peters et al. [43] in modifying the original
DBIS to include mental health and additional neurologi-
cal diagnoses, and slightly reworded some terminology
to increase understanding for the Australian audience.
Although we recorded condition count, we did not ana-
lyse it as a separate variable, since the DBIS encompasses
both CHC count and impact.

We also included the EQ-5D5L, a 5-item Likert scale
plus VAS score (the VAS component was not used in
the analysis). This is a widely used quality-of-life meas-
ure with good psychometric properties [45] which has
previously been correlated with three of our chosen
independent variables: the MTBQ [29], the DBIS [43]
and the DiPCare-Q [39]. Because the Australian popula-
tion norms for the EQ-5D5L have not been reported, we
used the UK scoring algorithm to calculate a single index
score. This process has been successfully applied in other
Australian studies [46].

Finally, we included the presence of diabetes or a men-
tal health diagnosis (as reported in the DBIS) as dichoto-
mous variables, since they are the only specific conditions
that have previously been associated with increased
treatment burden [29, 39, 47].

Covariates

Our covariates were age and gender. Higher reported
treatment burden has previously been correlated with
younger age [29, 39, 47] and female gender [29]. Since
one aim of this study was to identify the smallest number
of variables needed to correlate with treatment burden,
we only included covariates that have previously been
associated with treatment burden and excluded those
that might overlap with other capacity measures.

Analysis

Scores for each of the self-report tools were calculated
according to the instructions provided by the developer
of each measure. All data was entered into SPSS version
25.0 for analysis. In our descriptive analysis, we aimed
to compare our survey population to those populations
in whom the self-report measures were initially vali-
dated. We also calculated Cronbach’s alpha for three of
the self-report measures used to confirm reliability. We
then undertook bivariate analysis across all variables of
interest.
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Our approach to multivariate analysis was informed
by our aim to develop a simple screening tool. We there-
fore undertook logistic regression analysis, comparing
high treatment burden to no/low/medium burden, since
this would be easier to interpret in a time-poor clini-
cal environment. Independent variables were selected
based on whether they were significantly correlated with
the dichotomous treatment burden variable in bivariate
analysis, and we built a series of models to identify the
best fit. Our plan was for each model to include a meas-
ure of physical, personal, economic, and social capacity,
but, with a potential screening tool in mind, we wanted
to minimise the number of self-report items that would
be needed. Missing data was addressed by imputation
using median score or commonest category, and sensi-
tivity analysis was conducted to confirm that this did not
influence the results.

Results

Descriptive analysis

Participant characteristics

183 surveys were returned — 80 postal (20% return rate)
and 103 online. The population was 78% female with a
mean age of 60.1years. The online and postal populations
differed, with the online respondents more likely to be
younger (mean 53yrs. compared to mean 68yrs), female
(91%) and living in a capital city. This reflects the fact
that the postal survey was conducted in a rural setting
amongst an older community health population. Only
30.4% of respondents were employed either full- or part-
time, with the majority either retired from or unable to
work due to health.

94% of participants reported more than two CHCs,
with 45% reporting more than five. Recoding for some
DBIS scores was required due to double scoring (when
a condition was selected and then listed again under
‘other condition’) or when the condition was selected
but the impact not rated. For double scoring, the higher
score was included and the lower excluded and when the
impact was not rated, a score of 1 (‘does not interfere’)
was allocated. The median DBIS score was 15 (scores
were positively skewed); this was comparable to Peters
[43]. The most common condition grouping was muscu-
loskeletal disorders (91.2% of respondents), followed by
cardiovascular (56%) and mental health conditions (50%).
Although these CHCs are all prevalent in the Australian
population [48], the very high number of people report-
ing musculoskeletal conditions likely reflects the fact that
online participation was largely via the Arthritis Australia
portal.

Since neither the DiPCare-Q nor the MTBQ had
been previously used in an Australian population, we
confirmed acceptable reliability for both these scales
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(DiPCare-Q: KR-20=0.782; MTBQ: Cronbach’s
a=0.913) and for the EQ-5D5L (Cronbach’s a =0.773) in
our population. All scales had non-normal distributions,
therefore we included median/IQR as well as mean/SD
values for each variable. Demographic and descriptive
data are presented in Table 1.

Bivariate analysis

Univariate analysis confirmed that all scales had non-
normal distribution, therefore non-parametric tests were
employed for bivariate analysis. We conducted bivariate
analysis on both the global MTBQ score (GMTBQ) and
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the dichotomous treatment burden variable (MTBQ-2)
used in regression, but include only results for the cat-
egorical variable. Results are summarised in Table 2.
Previously observed relationships between the
DiPCare-Q (SR=-0.229, p=0.002) and MTBQ-2
(MW =—-0.362, p=0.000) and younger age were con-
firmed, and between the DBIS and older age (SR=0.158,
p=0.035). Female gender was significantly correlated
to treatment burden (p=0.005, Phi=0.216). Contrary
to expectation, living in a capital city (based on post-
code data) was associated with higher treatment burden
(p=0.000), but this was not significant after controlling

Table 1 Descriptive characteristics

Description Value Freg/mean/median Percent/SD/IQR Missing values
Age Mean/SD mean =60.1 SD=165 n=3
Gender Female n=143 78.1% n=3
Employment Working (full/part) n=>55 30.4% n=2
Retired n=74 40.9%
Not working due to health n=34 18.8%
Other n=18 9.8%
Number of conditions 1 n=11 6.0% n=1
reported” 2-5 n=89 486%
More than 5 n=82 45.0%
Condition type® Musculoskeletal' n=166 91.2% n=1
Cardiovascular? n=102 56%
Mental health? n=91 50%
Respiratory” n=55 302%
Diabetes n=36 19.8%
DBIS score Mean/SD mean=18.04 SD=1296 n=1
Median/IQR median=15 IQR=17
PMCSMS-4 score Mean/SD mean=12.15 SD=344 n=2
Median/IQR median=12.00 IQR=5
EQ-5D5L Mean/SD mean=0.575 SD=0.246 n=>5
Median/IQR median=0.626 IQR=0.341
DiPCare-Q Mean/SD mean=1.96 SD=130 n=>5
Median/IQR median=2.00 IQR=2.00
MatDCQ: Mean/SD mean=0.89 SD=0.965
MatDCQ: Median/IQR median=1 IQR=2
SocDCQ: Mean/SD mean=2.36 SD=1.17
SocDCQ: Median/IQR median=2 IQR=1
MTBQ Median/IQR median=23.08 IOR=35.58 n=14
MTBQ rank: none n=20 11.8%
MTBQ rank: low n=31 18.3%
MTBQ rank: medium n=31 18.3%
MTBQ rank: high n=2387 51.5%

2 Based on the number of conditions selected on the DBIS. This may include several conditions of the same type, as listed below

b Number of people who reported one or more conditions under the following DBIS headings: 1 Musculoskeletal: Back pain/sciatica; Osteoarthritis; Osteoporosis;
Rheumatoid arthritis; Other muscle/joint pain condition (e.g. fibromyalgia). 2 Cardiovascular: High blood pressure; High cholesterol; Angina/heart disease; Heart
failure. 3 Mental health: Anxiety/depression; Other mental health (e.g. bipolar). 4 Respiratory: Bronchitis/COPD; Asthma
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Table 2 Bivariate correlations
Age DBIS PMCSMS-4 DiPCare-Q EQ-5D5L MTBQ-2
(Dependent)

Age X SR=0.158" SR=0.267*** SR=—0.229** n.s.p=0.079 MW = — 0.362***
Gender MW =—-0.255** ns.p=0.765 ns.p=0279 n.s.p=0924 ns.p=0711 Phi=0.216**
Disease burden measures (Physical capacity)
DBIS score X X SR=-0318*** SR=0.313%** SR=—0.534*** MW =0.299***
Has diabetes MW =0.307*** MW =0.208** n.s.p=0497 n.s.p=0691 n.s. p=0.606 n.s. p=0.057
Has mental health condition MW= —-0.196**  MW=0420** MW=-0305"** MW=0361*** MW=-0277***  Phi=0337***
Self-efficacy measures (Personal capacity)
PMCSMS-4 score X X X SR=—-0432***  SR=0481*** MW= —0.515%**
Deprivation measures (Economic and social capacity)
DipCare-Q index X X X X SR=—0442*** MW =0.389***
MatDCQ (material) SR=—0.322*** SR=0.236** SR=—0.376*** X SR=—0.323%*** MW =0.422***
SocDCQ (social) ns.p=0.718 SR=0.221%* SR=—10.204** X SR=—10.306*** MW =0.156*

Q1 DiPCare X MW =0287***  MW=-0361*** X MW =—0317***  Phi=0.325%**
Q3 DiPCare X MW =0.262%**  MW=-0323*** X MW =—0.276***  Phi=0.389***
Quality of life measures
EQindex score X X X X X MW =0.343***
EQ mobility X X X X X ns.p=0.136
EQ pers care X X X X X MW =0.347***
EQ activity X SR=0.358*** SR=—0.389%** SR=0.328*** X MW =0.350%**
EQ pain X X X X X MW =0.181*
EQ mood X SR=0419%** SR=—0487%** SR=0.469*** X MW =0.404***

SR Spearmans’ rank effect size, MW Mann-Whitney U effect size, Phi Chi-square effect size, n.s. non-significant

All results to 3s.f. *p <0.05 **p < 0.01 ***p < 0.001

for age, with younger participants (who reported higher
treatment burden) overrepresented in the urban setting.

We explored the influence of condition type on treat-
ment burden. The presence of diabetes [20, 47] or a men-
tal health condition [29] have been previously associated
with treatment burden and although we noted signifi-
cant correlations with the GMTBQ (diabetes p=0.005;
mental health p=0.001), only mental health conditions
remained significant when treatment burden was dichot-
omised (mental health p=0.000, diabetes p=0.057).
We were unable to analyse musculoskeletal conditions
because almost all participants reported this, but nei-
ther cardiovascular (p =0.557) nor respiratory (p=0.737)
conditions were significantly correlated to treatment
burden.

Low to moderate correlations (MW =0.299 to — 0.515,
p=0.000) were observed between MTBQ-2 and the
four self-report scales (DiPCare-Q, DBIS, PMCSMS-4
and EQ-5D5L). Since one aim was to reduce the num-
ber of questions asked, we also conducted bivariate
analysis on individual EQ-5D5L questions, selecting the
two questions with the greatest effect size (Q3: Activ-
ity and 5: Mood) to use in regression (Q2; Personal care
was excluded because of its high floor effect). We also

analysed the material and social components of the
DiPCare-Q separately, which had moderate (MatDCQ:
p=0.000, MW =0.422) and weak (SocDCQ: p=0.033,
MW =0.156) correlations with treatment burden, as well
as analysing Q1 (difficulty paying bills) and Q3 (forgo-
ing healthcare due to cost) of the DipCare-Q in isolation.
These two questions were selected because they were
the most frequently endorsed, and question one alone
has previously been found to predict the risk of forgoing
healthcare due to cost [49].

Multivariate analysis

Missing data

We undertook imputation using median score or com-
monest category for eleven surveys that were miss-
ing data from a single independent variable. Since the
MTBQ-2 variable had almost equal numbers in each
category, imputation was not undertaken for the four-
teen surveys (8%) with greater than 50% of their MTBQ
responses missing. These surveys were excluded from the
regression analysis.
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Multivariate modelling

We trialled several multivariate models, using the
MTBQ-2 as the dependent variable, aiming to find the
most parsimonious model with the best fit. All models
included sex, age and one or more variables from each
capacity category and the EQ questions. All variables
selected were those which correlated significantly to
MTBQ-2 in bivariate analysis, with the exception of the
presence of diabetes, which was included because of its
known association with treatment burden in other stud-
ies. First, we entered the following variables using the
Forward Stepwise Wald method: sex; mental health; age;
DBIS; PMCSMS-4; EQ activity; EQ mood; MatDCQ;
SocDCQ. We then trialled a series of models entering
the variables manually, starting with sex, age, DBIS and
PMCSMS-4 and sequentially adding in different depri-
vation and EQ-5D5L variables to identify suitable mod-
els. Age, self-efficacy and material deprivation remained
significant in every model. Hosmer-Lemeshow testing
was non-significant for all models. Nagelkerke r% % cor-
rect classification, sensitivity and specificity varied 2% or
less between models. Models were compared using the
Akaike information criterion (AIC) and Bayesian infor-
mation criterion (BIC), with the final model selected hav-
ing the lowest AIC and BIC scores, indicating the best
fit of all models trialled. This model consisted of the fol-
lowing covariates: age, sex, PMCSMS-4, EQ activity and
MatDCQ. Logistic regression results for this model are
displayed in Table 3.

In the final model, age (p=0.042), PMCSMS-4
(p=0.000), EQ activity (p=0.032) and MatDCQ
(»p=0.005) remained significant. The model correctly
classified 80.5% of cases, with sensitivity of 79.1% and
specificity of 81.9%. It explained 50.7% of the variance
in treatment burden (Nagelkerke r*=0.507). The fac-
tors having the greatest impact on treatment burden
were material deprivation, EQ activity score, and self-
efficacy. Odds ratios indicated that each unit increase in
the 4-level MatDCQ doubled the risk of high treatment

Table 3 Logistic regression

Variable S.E. 2-tailedsig. Oddsratio 95%Cl 95% Cl
lower upper
Age 014 0.042 0.973 0.947 0.999
Sex 578 0.053 0326 0.105 1.013
PMCSMS 078  0.000 0.720 0.618 0.839
Mat DCQ 233 0.005 1.920 1.215 3.032
EQactivity 217 0.032 1.591 1.040 2433

Nagelkerke r*=0.507
AlC=164.079
BIC=182.858
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burden (92% increase) and each unit increase in the
5-level EQ activity led to a 59% increase in the risk of
high treatment burden. Conversely, each point increase
in PMCSMS (scored in 16 increments) was associated
with a 28% reduction in the risk of high treatment bur-
den. Examination of residuals identified only 4 outliers,
most of whom had borderline GMTBQ scores just above
or below the dichotomous cut-off between high and
‘other’ treatment burden.

Discussion

This study aimed to explore the correlations between
established self-report tools that measure aspects of
capacity, and perceived treatment burden. We found that
material deprivation, self-efficacy, usual activity level and
younger age remained significant in multivariate analysis
and accounted for more than half the variation in the risk
of having high treatment burden.

Relationship to other research

In our survey, both deprivation and treatment burden
scores differed from previous population studies. Our
DiPCare-Q index score mean was higher than previously
reported (1.96 compared to 1.2) [38]. We questioned
whether the impact of Covid-19 on social isolation might
be contributing to this difference. However, after com-
paring our participant responses to previous studies, we
found triple the number of positive responses to material
deprivation questions in our population, but little differ-
ence in social deprivation responses. This may relate to
the younger mean age of the population (with material
deprivation known to be higher in younger age groups)
[38], differing social welfare systems between countries,
and/or sampling bias.

High treatment burden scores were also reported by
51.5% of our sample, compared to 27% in a previous
study [29]. Again, the younger mean age may partially
explain this, given the consistent association between
younger age and higher burden [29, 39, 47]. To reflect
the Australian healthcare environment, we included the
financial burden question (excluded by Duncan et al),
which was endorsed as at least ‘somewhat difficult’ by
54% of our population and may have resulted in a higher
overall score. The MTBQ section of the survey was also
not completed by 8% of participants, and these partici-
pants reported fewer mental health conditions, lower
scores on the DipCare-Q and DBIS and higher EQ-5D5L
scores than the rest of the population. These participants
may have considered the MTBQ to be irrelevant, poten-
tially increasing the representation of people experienc-
ing high treatment burden.
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Consistent with other literature [29, 38, 43], we also
found that the MTBQ, DBIS, DiPCare-Q were all cor-
related with the EQ-5D5L with moderate effect sizes.
Previous relationships between deprivation, treatment
burden and younger age, and with the DBIS and older
age, were also confirmed.

Key findings in this study

Low self-efficacy and material deprivation were strongly
associated with high perceived treatment burden, regard-
less of the model trialled. Both these factors have been
previously correlated with high treatment burden [20,
23, 47, 50, 51] although the relationship with deprivation
appears to depend on whether subjective or objective
(e.g. income, area data) measures are used [29]. Since the
MTBQ measures patient perceptions of treatment bur-
den, a subjective report of deprivation (such as the DiP-
Care-Q) may be more sensitive than traditional measures
of socioeconomic status [31]. The significance of self-effi-
cacy and material deprivation is unsurprising since both
factors are known to be strong predictors of self-manage-
ment ability, treatment engagement and adherence [1,
10, 52]. Importantly, they are also closely related to each
other, with financial strain and low socioeconomic sta-
tus consistently associated with low self-efficacy across a
range of health behaviours [53, 54]. This relationship may
make it more difficult to reduce treatment burden if both
low self-efficacy and material deprivation are present.

Even though disease count or severity are often used
by clinicians to estimate treatment burden, we found that
neither disease burden (as measured by DBIS) nor spe-
cific conditions (presence of mental health diagnosis or
diabetes) remained significant after multivariate model-
ling. In other studies, disease burden has been associated
with treatment burden [29], but relationships between
treatment burden and specific conditions have been
much less consistent [29, 39, 47, 55]. This again highlights
how patient perception of non-medical factors (e.g.,
confidence in one’s abilities, available resources) may be
more important than a specific diagnosis in assessing
treatment burden.

In our study, age and/or EQ activity score may have
moderated the influence of the DBIS in multivariate anal-
ysis. Despite older people reporting a higher DBIS score
and higher disease count, treatment burden declined
with age. The inverse relationship between age and treat-
ment burden is consistent across several studies [20, 29,
47]. Younger people are likely to have greater demands on
their time (work, caring responsibilities), different expec-
tations regarding health, fewer governmental social/
health provisions, and greater financial insecurity [20, 29,
56], all of which may contribute to increased treatment
burden.
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EQ activity (which rates perceived ability to undertake
‘work, study, housework, family or leisure activities’) was
the only physical capacity measure that remained sig-
nificant, suggesting that the impact of CHCs on function
may be more important in terms of perceived treatment
burden than the conditions themselves. This makes sense
since loss of function is likely to make many treatment
tasks (e.g., attending appointments, lifestyle changes,
relying on family) more difficult, and may particularly
relate to non-life threatening conditions that impair
function such as musculoskeletal disorders, reported by
91% of our sample.

Identifying risk of high treatment burden
The secondary aim of our study was to make progress
toward developing a tool to identify those at risk of
high treatment burden. Our results showed that a small
number of variables, taken from three established and
validated self-report scales, can explain a considerable
proportion of perceived treatment burden. The results
also suggest that (perceived) material deprivation, self-
efficacy and usual activity levels may be more important
than diagnosis or condition count. The self-report meas-
ures we used are simple and quick to use and could be
easily incorporated into a clinic environment. We expect
that additional capacity measures, not explored in this
study, will provide further explanation for perceived
treatment burden. For example, we did not assess life
workload since we were unable to identify any validated
self-report measures; nor did we assess resilience due to
debate over whether the available measures adequately
capture the concept [57]. Since our self-complete survey
assumed reading skills, we were unable to include a lit-
eracy or health literacy measure despite health literacy
being a known contributor to treatment burden [55, 58].
Our current results have provided us with an initial
foundation. The intent is to further develop the screen-
ing tool in a larger population using additional capacity
measures, including a format (e.g. phone or face-face)
that allows individual literacy/health literacy to be
explored.

Strengths and limitations

Since this was a cross-sectional study, we were unable
to infer causal relationships. The study did suffer from
sampling bias, and the multiple modes of data collection
may have resulted in two different populations. Using
the internet across patient self-help groups provided a
convenience sample that overrepresented women, peo-
ple with musculoskeletal conditions, and possibly those
who had greater health concerns. The survey was under-
taken during the height of the COVID pandemic which
compromised our recruitment strategy and may have
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impacted the low response rate (20%) for our postal sur-
vey, since we were unable to follow up non-respondents.
It is also possible that the unique pressures associated
with the COVID pandemic influenced participant sur-
vey responses, especially in relation to perceived treat-
ment burden, deprivation, and quality of life. However,
although the population may have been non-representa-
tive, it did report high levels of deprivation. The strong
association of deprivation with multimorbidity, poorer
condition trajectory and lower quality of life [59-61]
means that this is an important group to study.

The use of the DiPCare-Q may be a limitation since it
has not been validated in an Australian population and
has previously been conducted as a phone question-
naire, although the low level of non-completion sug-
gests that it was acceptable to participants who may be
more comfortable answering questions about deprivation
anonymously.

The key strengths of this study were in using already
validated scales and running several models to explore
how they could be combined to create a capacity
measure.

Conclusions

The ability to identify those at risk of high treatment bur-
den may help to target support where it is most needed.
Our study suggests that having a specific health condition
is less important than younger age, material deprivation,
low self-efficacy, and functional limitations. Recognising
those who are struggling most with treatment burden
is important because effective management may reduce
future condition escalation and overall burden of disease.

Abbreviations

CHC: Chronic health condition; MTBQ: Multimorbidity Treatment Burden
Questionnaire; DiPCare-Q: Deprivation in Primary Care Questionnaire;
MatDCQ: Material deprivation index; SocDCQ: Social deprivation index;
PMCSMS-4: Short-form Perceived Medical Condition Self-Management Scale;
DBIS: Disease Burden Impact Scale; SR: Spearmans' rank effect size; MW:
Mann-Whitney U effect size; AIC: Akaike Information Criterion; BIC: Bayesian
Information Criterion.

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512889-022-12579-1.

Additional file 1.
Additional file 2.

Acknowledgements

The authors thank Xia Li for support with statistical analysis; Ghulam Murtaza
for help with the online survey platform; and Sunraysia Community Health
Services for assistance with the postal survey.

Page 9 of 11

Authors’ contributions

RH designed the survey with assistance from ES and SB. All authors planned
the analysis and RH conducted the regression. RH drafted the initial manu-
script, and ES and SB edited and further developed the manuscript. All authors
read and approved the final manuscript.

Funding
No funding was received for this study.

Availability of data and materials
The datasets generated and analysed during the current study are available
via figshare at: https://doi.org/10.26181/615cdeal2551¢

Declarations

Ethics approval and consent to participate

Research was conducted in accordance with national ethics guidelines and
approval was granted by the La Trobe University Human Research Ethics
Committee (HEC number 19517). Consent was inferred based on completion
of the survey.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'La Trobe Rural Health School, La Trobe University, PO Box 199, Bendigo,
Victoria 3552, Australia. 2Sunraysia Community Health Services, 137 Thirteenth
Street, Mildura, Victoria 3500, Australia.

Received: 24 October 2021 Accepted: 13 January 2022
Published online: 24 January 2022

References

1. Lorig K, Holman H. Self-management education: history, definition,
outcomes, and mechanisms. Ann Behav Med. 2003;26(1):1-7.

2. Barlow J, Wright C, Sheasby J, Turner A, Hainsworth J. Self-management
approaches for people with chronic conditions: a review. Patient Educ
Couns. 2001;48:177-87.

3. Baker DW.The meaning and measure of health literacy. J Gen Intern Med.
2006;21:878-83.

4. Moran WP, Zhang J, Gebregziabher M, Brownfield EL, Davis KS, Schreiner
AD, et al. Chaos to complexity: leveling the playing field for measuring
value in primary care. J Eval Clin Pract. 2017;23(2):430-8.

5. Hwang AS, Atlas SJ, Hong J, Ashburner JM, Zai AH, Grant RW, et al. Defin-
ing team effort involved in patient care from the primary care Physician’s
perspective. J Gen Intern Med. 2017;32(3):269-76.

6. Johnston MC, Crilly M, Black C, Prescott GJ, Mercer SW. Defining and
measuring multimorbidity: a systematic review of systematic reviews. Eur
J Pub Health. 2019;29(1):182-9.

7. Khanna'S, Rolls DA, Boyle J, Xie Y, Jayasena R, Hibbert M, et al. A risk
stratification tool for hospitalisation in Australia using primary care data.
Sci Rep. 2019;,9(1):5011.

8. Hibbard JSJ, Mahoney E, Tusler M. Development of the patient activation
measure (PAM): conceptualizing and measuring activation in patients
and consumers. Health Serv Res. 2004;39(4):1005-26.

9. Schuurmans H, Steverink N, Frieswijk N, Buunk BP, Slaets JP, Lindenberg S.
How to measure self-management abilities in older people by self-report.
The development of the SMAS-30. Qual Life Res. 2005;14(10):2215-28.

10. Schulman-Green D, Jaser SS, Park C, Whittemore R. A metasynthesis
of factors affecting self-management of chronic illness. J Adv Nurs.
2016;72(7):1469-89.

11. Debussche X. Is adherence a relevant issue in the self-management
education of diabetes? A mixed narrative review. Diabetes Metab Syndr
Obes. 2014;7:357-67.


https://doi.org/10.1186/s12889-022-12579-1
https://doi.org/10.1186/s12889-022-12579-1
https://doi.org/10.26181/615cdea12551c

Hardman et al. BMIC Public Health

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32

(2022) 22:163

Harvey J, Dopson S, McManus RJ, Powell J. Factors influencing the
adoption of self-management solutions: an interpretive synthesis of the
literature on stakeholder experiences. Implement Sci. 2015;10:159.
Disler RT, Gallagher RD, Davidson PM. Factors influencing self-manage-
ment in chronic obstructive pulmonary disease: an integrative review. Int
J Nurs Stud. 2012;49(2):230-42.

McEntee MCL, Dennison C. Patient-, Provider-, and system-level barriers
to heart failure care. J Cardiovasc Nurs. 2009;24(4):290-8.

Franklin M, Lewis S, Willis K, Bourke-Taylor H, Smith L. Patients’and
healthcare professionals’ perceptions of self-management support
interactions: systematic review and qualitative synthesis. Chronic Ilin.
2018;14(2):79-103.

Boehmer KR, Kyriacou M, Behnken E, Branda M, Montori VM. Patient
capacity for self-care in the medical record of patients with chronic
conditions: a mixed-methods retrospective study. BMC Fam Pract.
2018;19(1):164.

Bohlen K, Scoville E, Shippee ND, May CR, Montori VM. Overwhelmed
patients: a videographic analysis of how patients with type 2 diabetes
and clinicians articulate and address treatment burden during clinical
encounters. Diabetes Care. 2012;35(1):47-9.

Bos-Touwen |, Dijkkamp E, Kars M, Trappenburg J, De Wit N, Schuurmans
M. Potential for self-Management in Chronic Care: Nurses'assessments of
patients. Nurs Res. 2015;64(4):282-90.

Neuner-Jehle S, Zechmann S, Grundmann Maissen D, Rosemann T, Senn
O. Patient-provider concordance in the perception of illness and disease:
a cross-sectional study among multimorbid patients and their general
practitioners in Switzerland. Patient Prefer Adherence. 2017;11:1451-8.
Herzig L, Zeller A, Pasquier J, Streit S, Neuner-Jehle S, Excoffier S, et al.
Factors associated with patients’and GPs' assessment of the burden of
treatment in multimorbid patients: a cross-sectional study in primary
care. BMC Fam Pract. 2019;20(1):88.

Spencer-Bonilla G, Quinones AR, Montori VM. International minimally
disruptive medicine W. assessing the burden of treatment. J Gen Intern
Med. 2017;32(10):1141-5.

Shippee ND, Shah ND, May CR, Mair FS, Montori VM. Cumulative com-
plexity: a functional, patient-centered model of patient complexity can
improve research and practice. J Clin Epidemiol. 2012;65(10):1041-51.
Boehmer KR, Shippee ND, Beebe TJ, Montori VM. Pursuing minimally
disruptive medicine: disruption from illness and health care- related
demands is correlated with patient capacity. J Clin Epidemiol.
2016;74:227-36.

Shippee ND, Allen SV, Leppin AL, May CR, Montori VM. Attaining
minimally disruptive medicine: context, challenges and a roadmap for
implementation. J R Coll Physicians Edinb. 2015;45(2):118-22.

Abu Dabrh AM, Gallacher K, Boehmer KR, Hargraves IG, Mair FS. Minimally
disruptive medicine: the evidence and conceptual progress supporting a
new era of healthcare. J R Coll Physicians Edinb. 2015;45(2):114-7.
Leppin AL, Montori VM, Gionfriddo MR, Rodriguez HP. Minimally disrup-
tive medicine: a pragmatically comprehensive model for delivering care
to patients with multiple chronic conditions. Healthcare. 2015;3(1):50-63.
Tran V, Montori V, Eton D, Baruch D, Falissard B, Ravaud P. Development
and description of measurement properties of an instrument to assess
treatment burden among patients with multiple chronic conditions. BMC
Med. 2012;10(68):1-10.

Eton DT, Yost KJ, Lai JS, Ridgeway JL, Egginton JS, Rosedahl JK, et al.
Development and validation of the patient experience with treatment
and self-management (PETS): a patient-reported measure of treatment
burden. Qual Life Res. 2017,26(2):489-503.

Duncan P, Murphy M, Man MS, Chaplin K, Gaunt D, Salisbury C. Develop-
ment and validation of the multimorbidity treatment burden question-
naire (MTBQ). BMJ Open. 2018;8(4):e019413.

Bayliss EA, Ellis JL, Steiner JF. Subjective assessments of comorbidity cor-
relate with quality of life health outcomes: initial validation of a comor-
bidity assessment instrument. Health Qual Life Outcomes. 2005;3(1):51.
Vaucher P, Bischoff T, Diserens EA, Herzig L, Meystre-Agustoni G, Panese
F, et al. Detecting and measuring deprivation in primary care: develop-
ment, reliability and validity of a self-reported questionnaire: the DiPCare-
Q. BMJ Open. 2012;2(1):000692.

Salmond C, Crampton P, King P, Waldegrave C. NZiDep: a New Zealand
index of socioeconomic deprivation for individuals. Soc Sci Med.
2006,62(6):1474-85.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

Page 10 of 11

Smith SM, Wallace E, Salisbury C, Sasseville M, Bayliss E, Fortin M. A Core
outcome set for multimorbidity research (COSmm). Ann Fam Med.
2018;16(2):132-8.

Boehmer KR, Gionfriddo MR, Rodriguez-Gutierrez R, Dabrh AM, Leppin
AL, Hargraves |, et al. Patient capacity and constraints in the experience of
chronic disease: a qualitative systematic review and thematic synthesis.
BMC Fam Pract. 2016;17:127.

May CR, Cummings A, Myall M, Harvey J, Pope C, Griffiths P, et al.
Experiences of long-term life-limiting conditions among patients and
carers: what can we learn from a meta-review of systematic reviews of
qualitative studies of chronic heart failure, chronic obstructive pulmonary
disease and chronic kidney disease? BMJ Open. 2016;6(10):e011694.
Gallacher KI, May CR, Langhorne P, Mair FS. A conceptual model of treat-
ment burden and patient capacity in stroke. BMC Fam Pract. 2018;19(1):9.
University of Bristol: Centre for Academic Primary Care. Multimorbidity
Treatment Burden Questionnaire 2021 [Available from: https://www.brist
olac.uk/primaryhealthcare/resources/mtba/.

Leiser S, Deruaz-Luyet A, N'Goran AA, Pasquier J, Streit S, Neuner-Jehle

S, et al. Determinants associated with deprivation in multimorbid
patients in primary care-a cross-sectional study in Switzerland. PLoS One.
2017;12(7).e0181534.

Herzig L, Zeller A, Pasquier J, Streit S, Neuner-Jehle S, Excoffier S, et al.
Factors associated with patients'and GPs'assessment of the burden of
treatment in multimorbid patients: a cross-sectional study in primary
care. BMC Fam Pract. 2019;20(1):1-11.

Browne-Yung K, Freeman T, Battersby M, McEvoy D, Baum FE. Developing
a screening tool to recognise social determinants of health in Australian
clinical settings Public Health Research and Practice; 2018;online early
release. p. 1-10.

Andermann A. Screening for social determinants of health in clinical
care: moving from the margins to the mainstream. Public Health Rev.
2018;39(19):1-17.

Wild MG, Ostini R, Harrington M, Cavanaugh KL, Wallston KA. Validation
of the shortened perceived medical condition self-management scale in
patients with chronic disease. Psychol Assess. 2018;30(10):1300-7.

Peters M, Kelly L, Potter CM, Jenkinson C, Gibbons E, Forder J, et al. Quality
of life and burden of morbidity in primary care users with multimorbidity.
Patient Relat Outcome Meas. 2018;9:103-13.

Bayliss EA, Ellis JL, Steiner JF. Seniors'self-reported multimorbidity
captured biopsychosocial factors not incorporated into two other data-
based morbidity measures. J Clin Epidemiol. 2009;62(5):550-7 e1.
Janssen MF, Pickard AS, Golicki D, Gudex C, Niewada M, Scalone L, et al.
Measurement properties of the EQ-5D-51 compared to the EQ-5D-3L
across eight patient groups: a multi-country study. Qual Life Res.
2013;22(7)1717-27.

McCaffrey N, Kaambwa B, Currow DC, Ratcliffe J. Health-related quality of
life measured using the EQ-5D-5L: south Australian population norms.
Health Qual Life Outcomes. 2016;14(1):133.

Sav A, Whitty JA, McMillan SS, Kendall E, Kelly F, King MA, et al. Treatment
burden and chronic illness: who is at Most risk? Patient. 2016;9(6):559-69.
Australian Institute of Health and Welfare. Australia’s Health 2020. 2021
[Available from: https.//www.aihw.gov.au/reports-data/australias-health.
Bodenmann P, Favrat B, Wolff H, Guessous |, Panese F, Herzig L, et al.
Screening primary-care patients forgoing health care for economic
reasons. PLoS One. 2014;9(4):e94006.

Sav A, Kendall E, McMillan SS, Kelly F, Whitty JA, King MA, et al. "You

say treatment, | say hard work': treatment burden among people with
chronic iliness and their carers in Australia. Health Soc Care Community.
2013;21(6):665-74.

Rogers EA, Yost KJ, Rosedahl JK, Linzer M, Boehm DH, Thakur A, et al.
Validating the patient experience with treatment and self-management
(PETS), a patient-reported measure of treatment burden, in people with
diabetes. Patient Relat Outcome Meas. 2017,8:143-56.

Berkman LKI, Glymour M. Social Epidemiology. 2nd ed. New York: Oxford
University Press; 2014.

Murray TC, Rodgers WM, Fraser SN. Exploring the relationship between
socioeconomic status, control beliefs and exercise behavior: a multiple
mediator model. J Behav Med. 2012;35(1):63-73.

Bartlett SJ, Lambert SD, McCusker J, Yaffe M, de Raad M, Belzile E, et al.
Self-management across chronic diseases: targeting education and sup-
port needs. Patient Educ Couns. 2020;103(2):398-404.


https://www.bristol.ac.uk/primaryhealthcare/resources/mtbq/
https://www.bristol.ac.uk/primaryhealthcare/resources/mtbq/
https://www.aihw.gov.au/reports-data/australias-health

Hardman et al. BMIC Public Health

55.

56.

57.

58.

59.

60.

(2022) 22:163

Friis K, Lasgaard M, Pedersen MH, Duncan P, Maindal HT. Health literacy,
multimorbidity, and patient-perceived treatment burden in individuals
with cardiovascular disease. A Danish population-based study. Patient
Educ Couns. 2019;102(10):1932-8.

Sav A, Salehi A, Mair FS, McMillan SS. Measuring the burden of treatment
for chronic disease: implications of a scoping review of the literature.
BMC Med Res Methodol. 2017;17(1):140.

Pangallo A, Zibarras L, Lewis R, Flaxman P. Resilience through the lens of
interactionism: a systematic review. Psychol Assess. 2015;27(1):1-20.
N'Goran AA, Pasquier J, Deruaz-Luyet A, Burnand B, Haller DM, Neuner-
Jehle S, et al. Factors associated with health literacy in multimorbid
patients in primary care: a cross-sectional study in Switzerland. BMJ
Open. 2018;8(2):e018281.

Barnett K, Mercer SW, Norbury M, Watt G, Wyke S, Guthrie B. Epidemiol-
ogy of multimorbidity and implications for health care, research, and

medical education: a cross-sectional study. Lancet. 2012,380(9836):37-43.

Salisbury C, Johnson L, Purdy S, Valderas JM, Montgomery AA. Epidemiol-
ogy and impact of multimorbidity in primary care: a retrospective cohort
study. Br J Gen Pract. 2011;61(582):e12-21.

61. Fortin M, Lapointe L, Hudon C, Vanasse A, Ntetu AL, Maltais D. Multimor-
bidity and quality of life in primary care: a systematic review. Health Qual
Life Outcomes. 2004;2.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 11 of 11

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Exploring the ability of self-report measures to identify risk of high treatment burden in chronic disease patients: a cross-sectional study
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Study design
	Recruitment and participants
	Survey measures
	Dependent variable
	Independent variables
	Covariates

	Analysis

	Results
	Descriptive analysis
	Participant characteristics

	Bivariate analysis
	Multivariate analysis
	Missing data
	Multivariate modelling


	Discussion
	Relationship to other research
	Key findings in this study
	Identifying risk of high treatment burden
	Strengths and limitations

	Conclusions
	Acknowledgements
	References


