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Abstract

Purpose Self-management ability is commonly assessed in chronic disease research and clinical practice. The purpose of
this study was to assess the structural and convergent validity of three commonly used self-management outcome measures
in a sample of persons with neurological conditions.

Methods We used data from a Canadian survey of persons with neurological conditions, which included three commonly
used self-management measures: the Partners in Health Scale (PIH), the Patient Activation Measure (PAM), and the Self-
Efficacy for Managing a Chronic Disease Scale (SEMCD). Confirmatory factor analysis was used to assess the structural
and convergent validity of the three measures.

Results When treated as single-factor constructs, none of the measurement models provided a good fit to the data. A four-
domain version of the PIH was the best fitting model. Confirmatory factor analysis suggests that the three tools measure
different, but correlated constructs.

Conclusions While the PAM, PIH and SEMCD scales are all used as measures of patient self-management, our study indi-
cates that they measure different, but correlated latent variables. None, when treated as single, uni-dimensional construct,
provides an acceptable fit to our data. This is probably because self-management is multi-dimensional, as is consistently
shown by qualitative evidence. While these measures may provide reliable summative measures, multi-dimensional scales
are needed for clinical use and more detailed research on self-management.

Keywords Self-management - Self-care - Patient activation - Self-efficacy - Confirmatory factor analysis - Construct
validity - Structural validity - Convergent validity

Chronic condition self-management has become a major
international focus of health services policy and research.
Over 7000 articles with the term “self-management” in
the title were found in a PubMed search of the last 5 years
alone. Despite this proliferation of research, answers to
questions such as “what ingredients are critical to success-
ful outcomes?” and “what works for whom under what
conditions?” still elude answers [1-4]. Deficiencies in the
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conceptualization and measurement of self-management
have been identified as key to this problem [5-8].

The growth in self-management interventions and associ-
ated research emerged to fill a gap in service delivery identi-
fied by the landmark report ‘Crossing the Quality Chasm’
[9]. Arising more from practice rather than theoretical foun-
dations, self-management has been defined in different ways,
with no single agreed upon definition. A review using con-
cept mapping methodology found two broad conceptualiza-
tions [10]. The first defines self-management as behaviors to
control disease symptoms, complications and progression.
The second, broader definition focuses on behaviors per-
formed to increase overall health and live well with a disease
or condition. The later definition is consistent with one of
the most commonly cited definitions of self-management
proposed by the Institute of Medicine: “tasks that individu-
als must undertake to live well with one or more chronic
conditions. These tasks include having the confidence to
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deal with medical management, role management and emo-
tional management of their conditions” [9]. The practice-
based genesis of self-management likely also explains the
variety of theoretical foundations cited in the development
of interventions and measurement tools. In a recent review
of 28 self-management measures, eight reported no specific
theoretical foundation, ten reported Bandura’s social cogni-
tive theory as their foundation, while the rest provided a
wide variety of other theoretical foundations [8].

While disease-specific measures are more numerous,
generic self-management measures are widely used [8].
Three of the most commonly used generic measures are
the Patient Activation Measure (PAM) [11, 12], the Part-
ners in Health Scale (PIH) [13, 14], and the Self-Efficacy
for Managing Chronic Disease Scale (SEMCD) [15]. All
three measures are currently used in research and clinical
practice settings to measure self-management using a sin-
gle aggregate score. The SEMCD, the oldest of the three,
was specifically designed to measure effectiveness of the
Chronic Disease Self-Management Program (CDSMP), a
patient education program underpinned by Social Cognitive
Theory [16]. While developers of the PAM and the PIH both
cite the SEMCD and social cognitive theory as influential in
their development, neither is based on a specific conceptual
model. While the PAM was developed to measure “patient
activation”, a term introduced in the Chronic Care Model
[17-19], the concept is not clearly defined. Both the PAM
and PIH employed similar reviews of literature and expert
clinical opinion as the basis for model development.

Since all three measures are used in the research litera-
ture to measure chronic disease “self-management”, and
the conceptual basis for differentiating the three measures
is unclear, it is important to assess their structural and con-
vergent validity. However, there have been no direct com-
parisons of these measures in the literature, as they have not
been collected in the same sample. The Everyday Experi-
ence of Living with and Managing the Impact of a Neu-
rological Condition (LINC) study [20], which collected
data on the PAM, PIH, and SEMCD in a diverse sample of
Canadian adults with neurological conditions, provides a
unique opportunity to assess the structural and convergent
validity of these three measures. Persons with neurological
conditions provide a diverse population for this assessment.
Neurological conditions are characterized by a broad range
of symptoms, disease trajectories, and a range of self-man-
agement tasks [21]. Compared to some chronic conditions
(diabetes, cardiovascular disease) neurological conditions
often result in greater restrictions and disability, earlier in
the trajectory of the disease. As with the general population,
persons with neurologic conditions also have other common,
non-neurological chronic conditions.

The purpose of this paper is to assess in a large sample
Canadian adults with neurological conditions, the structural
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and convergent validity of the PAM, PIH and SEMCD. To
assess structural validity, we used confirmatory factor analy-
sis to assess whether the observed data fit the hypothesized
single-construct model implied by each measure. To assess
convergent validity, we used confirmatory factor analysis to
estimate the correlations between the latent constructs, and
to assess whether items from the three scales measure the
same latent construct, or three different latent constructs.

Methods
Data

Data for this study came from the LINC study [20], which
was a component of the National Population Study on Neu-
rological Conditions, an initiative to understand and plan
for the long term needs of people living with neurological
conditions in Canada [22]. The LINC study was a mixed
methods study which included a cross-sectional pan-Cana-
dian survey (n="787), a nested cohort study (n=125) and a
nested qualitative multiple-perspective study (n=15). Data
for this paper were extracted from the cross-sectional sur-
vey, which included adults aged 17 and over living with at
least one neurological condition. Participants with 14 spe-
cific conditions were the primary focus, but participants
with any neurological condition were included. They were
largely recruited through a coalition of charitable organi-
zations, the Neurological Health Charities of Canada, but
additional strategies (non-government agencies, registries,
word-of-mouth) were also employed [20]. Data were col-
lected between September 14, 2011 and July 1, 2012 via a
voluntary, online survey; however, to accommodate pref-
erence and ability, telephone as well as pencil and paper
options were available. Ethics approval for the LINC study
was obtained from research ethics review boards at Health
Canada and three university ethics review boards.

Subjects for this study were respondents with valid
total scores, as per tool coding protocols, for all three tools
(N=742). Across the 31 items comprising the three meas-
ures, 26% of subjects had item non-response or “not appli-
cable” responses on at least one item. However, missing data
on single items were rare (Appendix Tables 9, 10 11), most
subjects had missing data on only one or two items across
the three scales, and no pattern of missing data comprised
more than 4% of the sample. Having a “not applicable”
response on a medication item in the PAM was the most
common pattern of missing data (4%). To enable use of data
for all 742 subjects in the analysis, multivariate imputation
of missing data using chained ordinal logistic regression
equations was used, employing items from all three meas-
ures as predictors [23]. This is preferable to the handling of
missing data using maximum likelihood estimation of model
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parameters, which assumes joint normality of all variables
and that the data are missing at random after accounting for
only the variables in each model (which differ from model
to model in our analyses). Our method thus makes less
restrictive missing data assumptions which are consistent
across all models we estimate. Three sets of imputed values
for the missing data were computed with different random
number seeds [24]. Models were estimated with each of the
three imputed data sets and compared. All parameter esti-
mates and fit statistics were nearly identical, demonstrating
minimal variation introduced by the imputation procedure.
Reported results are from the first set of imputed data.

Measures

The SEMCD scale was developed to assess outcomes of
the Stanford Chronic Disease Self-Management Program
(CDSMP), which aimed to enhance patients’ self-efficacy
for chronic disease self-management [15, 25]. The current
measure is built from six of ten items from the original Self-
efficacy to Manage Symptoms and the Self-efficacy to Man-
age Disease scales (2 of 10 scales designed to evaluate the
Stanford program) [25]. Despite extensive use, little infor-
mation is available on how the original scales were designed
or items selected. A German, Persian, and an international
validation study of both the English and Spanish versions
all show the SEMCD to be uni-dimensional and internally
consistent [25-27].

The PIH has progressed through two revisions. In this
study the most recent version was used [14]. Development
of the PIH was motivated by the lack of a generic measure
of self-management that could be used to assess patient self-
management knowledge, skill, and ability [13]. Drawing on
a literature review, they extracted core concepts and created
items to measure different aspects of chronic condition self-
management. Revisions added items to assess empowerment
and the impact of the condition on physical activities, emo-
tions, and social life [ 14, 28]. The current version of the PIH
includes 12 items, scored on a 0 to 8 response scale [14].
The scoring instructions and clinical application provide a
single total score; however, psychometric analysis found
that the PIH consists of four interrelated factors (knowledge,
partnership in treatment, recognition and management of
symptoms, and coping) conceptualized as part of a single,
higher order latent variable [14].

The PAM was designed to measure the concept of
“patient activation”, and to fill the need for a tool that
“includes a broad range of elements involved in activation,
including the knowledge, skills, beliefs and behaviors that
patients need to manage a chronic illness” [11]. In 2005 an
original 22 item scale was reduced to the 13-item short form
used in this study [12]. The scale was developed using Rasch
methods to create a uni-dimensional, interval-level scale.

Items are sequenced and scaled by “difficulty” of activation,
with higher scores indicating greater activation. The PAM
has been translated and validated in many countries [29-34],
and across multiple populations including mental health [35,
36], elective lumbar spine surgery [37], multi-morbid older
adults [37], hospitalized patients [38], and rural populations
[39]. Overall these studies provide evidence that the PAM is
uni-dimensional, with good reliability and construct validity.
There is, however, evidence of variation in differential item
scaling across populations [32, 40].

Analytic approach

Confirmatory factor analysis (CFA) was the primary analytic
tool used to assess the structural and convergent validity of
the three tools. CFA is well suited for testing a measure-
ment theory against observed data by examining overall fit
and specific areas in which the model does not fit [41]. To
facilitate comparisons with published literature, Chronbach’s
Alpha was computed for each of the scales as a lower bound
estimate of reliability. Alpha is not a suitable measure of
structural validity or uni-dimensionality of a scale [42, 43].

All CFA models specified uncorrelated errors between
indicators and were identified both by specifying the first
item as the reference indicator for each latent variable
(unstandardized solutions) and by fixing the variance of the
latent variable to 1.0 (standardized solutions). We report
standardized results as they facilitate comparative perfor-
mance of indicators.

Non-normality of the data is a concern for model esti-
mation. Both PAM and PIH items were skewed, and the
PAM included just four response categories ranging from
strongly disagree to strongly agree, with only a small per-
centage of respondents selecting the strongly disagree cat-
egory (see Appendix Tables 9, 10 11). Accordingly, robust
maximum likelihood estimation was employed with the
Satorra—Bentler method to generate Chi-square fit statistics,
associated fit indices, and standard errors [44]. This method
has been shown to be robust to non-normality, and prefer-
able to alternative estimation methods for non-normal data
[45]. As a validation check, comparison models were also
estimated using general linear models with an ordinal logis-
tic link function. Commonly used fit indices and diagnostics
are not available for this method, but it produced comparable
factor loadings and correlations between latent variables to
those obtained by robust maximum likelihood estimates. We
thus report the maximum likelihood estimates. All data were
analyzed using STATA 15 [24].

To assess the structural validity of each model, separate,
single-factor CFA models for each of the three measures
were estimated. For the PIH, we also estimated a model
for its hypothesized four-factor structure, assuming corre-
lated latent variables [14]. Structural validity was assessed
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by examining model fit using the Chi-Square goodness of
fit statistic, the root mean squared error of approximation
(RMSEA), the Comparative Fit Index (CFI), and the Tucker-
Lewis Index (TLI). Criteria for overall good fit of a model
were an RMSEA close to or below 0.06, and CFI and TLI
results close to or greater than 0.95 [46]. Standardized factor
loadings were examined to assess and compare the associa-
tion of latent variables with individual items. To identify
localized areas of poor fit within the models, and possible
reasons for poor fit, standardized covariance residuals and
modification indices were examined. As our objective was
to assess structural validity, and not to refine the measures,
we did not revise the models to improve model fit.
Convergent validity was assessed in two ways. First, we
estimated a three-factor model incorporating all three meas-
urement tools as latent, correlated variables (Fig. 1). Esti-
mated correlations between the three models were used to
assess the degree of convergent validity between the meas-
ures. Second, we compared the fit of a three-factor model
to a reduced, single-factor model that treated the items of
all three scales as indicators of a single latent variable. A
significant difference in fit of the models (using a Chi-square

Fig. 1 Three-factor confirma-
tory factor analysis model for
the PAM, PIH, and SEMCD
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difference test) and large difference in global indices of
model fit was considered evidence that the three scales do
not measure the same latent construct.

Results

Table 1 shows characteristics of the study sample. Subjects
had a range of neurological conditions, with multiple scle-
rosis, Parkinson’s disease, and brain injury being the most
common. Compared to the general population of persons
with chronic conditions, the sample is younger, more likely
to be female, and has higher socio-economic status. Appen-
dix Tables 9, 10 11 show detailed distributions of responses
to the items of each scale.

Our results show weaknesses in the structural validity of
all three measures. CFA models for each of the three meas-
ures, treated as single-factor measures, do not meet the cri-
teria for good overall fit (Table 2). This is particularly the
case for the PIH and the PAM models, which have large
Chi-square values, RMSEA values significantly larger than
0.05, and CFI and TLI values well below the 0.95 criteria.
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Table 1 Characteristics of the study sample

N Percent
Age group
<25 38 5.1
26-35 97 13.1
36-45 105 14.2
46-55 191 244
56-65 181 17.0
66-75 95 12.9
>75 31 4.2
Sex
Male 261 352
Female 477 64.3
Marital status
Married/common-law 459 61.9
Widowed/separated/divorced 119 16.1
Single, never married 160 21.6
Education level
< Secondary 50 7.1
Secondary graduate 88 12.0
Some post-secondary 56 8.1
Post-secondary degree 517 72.8
Missing 31 4.2
Household income
<$20,000 88 11.9
$20,000-$59,999 201 27.1
$60,000-$89,999 108 14.1
$90,000+ 126 17.0
Missing 219 30.0
Most common neurological conditions in sample
Multiple sclerosis 172 23.4
Parkinson’s disease 148 20.1
Brain injury 105 14.6
Epilepsy 98 13.3
Neuromuscular diseases 91 12.3

The SEMCD provides a better fit to the data than the PIH
and PAM. While the CFI and TLI for the SEMCD model
approach the criteria for good model fit, the RMSEA is con-
siderably higher than the 0.05 criteria.

Clues to the reasons for poor fit are provided by the fac-
tor loadings in Tables 3, 4, 5 and 6. Squared, standardized
loadings measure the correlation between the items and their
latent constructs. Factor loadings exceeding 0.8 (a correla-
tion of 0.64 with the latent construct) are desirable for good
model fit [41]. In the case of PAM, standardized factor load-
ings for the items range between 0.45 and 0.75, indicating
weak to moderate correlations (ranging from 0.20 to 0.56)
with the latent construct. With only four response categories,
and very few subjects strongly disagreeing with any of the
items, PAM items have low variation. This may contribute

to weak model fit. For the single-factor PIH model, standard-
ized loadings are variable in magnitude, with just three items
(9, 10, and 11) exceeding 0.70. Two of the items (3 and 6)
stand out as having very weak loadings. Both items were
designed to measure partnership, but their wording suggests
that they measure adherence (see Appendix Table 8§ for item
wordings). Dropping the two items from the model (not
shown) did not result in a well-fitting model. The SEMCD
loadings exceed 0.80 for 4 of the 6 items in the scale. Load-
ings for the last two items in the scale are weaker than the
first four.

The results suggest that unspecified multidimensionality
of self-management ability in the single-factor models may
contribute to poor model fit. In each of the three one-factor
models, modification indices (not shown) indicate substan-
tial residual correlation of error terms for many pairs of
items, and numerous item covariances have high standard-
ized residuals (e.g., 26% of the PIH, 10% of the PAM, and
6% of the SEMCD standardized covariance residuals exceed
the commonly used cut-off of + 2.58). The single-factor PIH
model has seven modification indices indicating expected
correlated errors greater than 0.30, while the PAM has three
and the SEMCD has two. Other, unspecified latent variables
are common reasons for correlated errors and high covari-
ance residuals [41]. While correlated errors may also result
from “method effects” due to similarly worded items (e.g.,
the PAM has several similarly worded items), this cannot
account for most of the correlated errors identified by the
modification indices.

The PIH, treated as four-factor model, provides much
better fit to the data than any of the single-factor models
(Table 2). The CFI and TLI both met the criteria for good
fit, the RMSEA was close to 0.05 (upper bound of the 90%
confidence interval is 0.065). Two of the four factors have
just two items each, limiting model fit and reliability. Exami-
nation of the factor loadings (Table 2b) shows that the two
items included in the patient-provider partnership factor
(pih3 and pih6), have weak loadings. Estimated correlations
between the four PIH domains are modest, ranging from
0.37 to 0.65, indicating discriminant validity of the factors
(Table 7).

Convergent validity of the three measures is modest. Cor-
relations between latent variables corresponding to the three
measurement tools range from 0.63 to 0.76 (Table 7). The
PAM and PIH are more strongly correlated with each other
than they are with the SEMCD. Moreover, a CFA model
treating all items as indicators of a single latent variable has
significantly poorer fit than a three-factor model specify-
ing the measures as separate, but correlated constructs (see
bottom 2 rows of Table 2). All fit indices are substantially
poorer for the single-factor model, and a Chi-square differ-
ence test indicates significantly better fit for the three-factor
model (p <.001).

@ Springer



550

Quality of Life Research (2019) 28:545-556

Table 2 Chronbach’s alphas and

e Model Chronbach’s Chi-square (df)° RMSEA (95% CI)° CFI¢ TLI¢
indices of confirmatory factor a
; alpha

analysis model fit
PIH 0.847 707.1 (54) 0.168 (0.159, 0.176) 0.681 0.610
PIH (4 factor) b 99.9 (48) 0.056 (0.046, 0.065) 0.975 0.965
PAM 0.884 573.3 (65) 0.118 (0.111, 0.126) 0.820 0.784
SEMCD 0.902 106.8 (9) 0.168 (0.148, 0.188) 0.946 0.909
Single factor! 0.931 3609.1 (434) 0.116 (0.113,0.119) 0.632 0.606
Three factor! - 2536.0 (431) 0.095 (0.092, 0.098) 0.756 0.737

4Chronbach’s alpha coefficients were computed from standardized item scores without missing data impu-

tation

"Chronbach’s alpha coefficients for the four domains of PIH are: knowledge of illness and treat-
ments =0.870, patient-provider partnership=.610, symptom management=0.741, and coping =0.850.

“Satorra-Bentler scaled Chi-square statistics (degrees of freedom) are versus the saturated model, and
p<.001 for all models. RMSEA is the root mean squared error of approximation (and 90% CI), CFI is the
comparative fit index and TLI is the Tucker-Lewis Index

dChi-square test of improvement in fit of the three versus single factor models: chi square (df)=620.0 (3),

p<.001

Table.3 PIH item distributions, Item % Missing Mean Std. Dev. Standardized loading (95% CI)  Error variance

and single-factor CFA

standardized factor loadings and i 0.40 7.77 1.54 0.497 (0.437, 0.558) 0.753

error variances pih2 0.54 7.46 1.78 0.531 (0.469, 0.592) 0.719
pih3 1.08 8.26 1.39 0.266 (0.163, 0.370) 0.929
pih4 0.27 8.14 1.44 0.477 (0.404, 0.550) 0.772
pih5 0.67 7.78 1.76 0.540 (0.469, 0.610) 0.709
pih6 0.13 8.79 0.68 0.310 (0.215, 0.405) 0.904
pih7 1.08 7.44 1.85 0.585 (0.531, 0.639) 0.658
pih8 1.08 7.59 1.66 0.596 (0.536, 0.656) 0.645
pih9 1.35 6.68 2.19 0.720 (0.673, 0.766) 0.482
pih10 1.89 6.50 2.13 0.769 (0.729, 0.808) 0.409
pih11 0.67 6.43 2.25 0.713 (0.667, 0.760) 0.491
pih12 0.27 6.85 2.15 0.645 (0.594, 0.695) 0.584

Discussion

In our sample of persons with neurological conditions, none
of the three measurement tools, when treated as uni-dimen-
sional models, had high structural validity. Of the three, the
SEMCD was the best fitting scale, despite having only six
items. Both the PAM and the single-factor PIH had fit statis-
tics that fell far short of standards for a good fitting model.
The PAM was developed based on Rasch methods, which
raises the question of appropriateness of using confirmatory
factor analysis to assess its fit. However, the inclusion of
intercepts in the confirmatory factor analysis model captures
differences in difficulty of the items and is thus very similar
in its specification to the rating scale model on which scal-
ing of the PAM is based [41]. Previously reported validation
results for the PAM, using the rating scale model on the
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same data, also identified problems with fit, such as item
difficulties that deviate from the original PAM scoring [40].

There are a number of possible reasons for poor fit of the
measurement models, including poorly performing items,
lack of applicability of the tools to the study population, or
multidimensionality of the underlying constructs. We found
limited evidence that poorly performing items account for
poor model fit in any of the three scales. Two of 12 items in
the PIH had low standardized factor loadings, but elimina-
tion of these two items did not result in a well-fitting model.
In the PAM and SEMCD no items stood out as especially
poor performers. The PAM had relatively weak standard-
ized factor loadings for all items. Lack of variation across
the four PAM response categories, and ceiling effects, have
been noted in the LINC and other data sources [30, 39, 40,
47]. This may contribute to the poor fit of the PAM. Lack
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Table 4 PIH four-factor model: CFA standardized factor loadings and

error, and variances

Domain Item

Standardized loading (95%

CI)

Error variance

Knowledge of illness and treatments

of applicability of the tools to persons with neurologic con-
ditions is possible, but unlikely given the diverse range of
symptoms characterizing the included conditions. Moreover,
poor fit of a single-factor PIH model has also been found in
diverse chronic disease and multi-morbid hospital popula-
tions [14, 48].

pihl 0.817 (0.771, 0.864) 0.332 . .
pih2 0.943 (0.890, 0.995) 0111 The most' plausible reason for weal? Stl"llCtl.lI’a.l Vahd'lty of
Patient-provider partnership the m(?de.ls is that self—man?gement is rnul'tl-cpmen?lonal,
pih3 0.394 (0,268, 0.519) 0.845 not un1-d1m'er?s10na¥. Thére is a strong qualitative evidence
pihd 0.667 (0.592. 0.742) 0.556 f9r the multldlmen'smgahty of self—management. The exten-
pihs 0.719 (0.648. 0.790) 0.483 sive body of quahtatw.e 11terat1.1re con51st'ently s.h'ox.)vs that
pih6 0.384 (0,247, 0.521) 0.853 sel'f-management consists of d'1ffe.rent §kllls, abl}ltles and
Symptom management attitudes [5, 10, 49—5.5]. A multll-dlmenswnal version of. the
pih7 0.759 (0707, 0.811) 0424 PIH .was the.best ﬁttm.g model in ogr analyses, and this is
pih8 0.775 (0705, 0.844) 0.400 consistent with analy.s1s of the. PIH m.an(.)the.r recent study
Coping [14]. Moreover., modification m@ces indicating correlated
pih9 0.702 (0.651, 0.752) 0.508 errors between items for all the single-factor models suggest
pihl0  0.880 (0.844, 0.916) 0.226 the presence of other factors. o
pihl1 0.797 (0.752. 0.842) 0366 We found modest eV1der'106 for convergent validity of the
pih12 0.685 (0.635. 0.734) 0531 three measures. The analysis suggests that they measure dif-
ferent, but correlated latent variables. Given the poor fit of
the three measurement models individually, our evidence
;?slzlr?bsut:)ﬁiw;nictle(rjnFA Item % Missing Mean Std.Dev. Standardized loading (95% CI) Error variance
standardized factor loadings and g 0.67 3.50 0.69 0.449 (0.378, 0.519) 0.799
error variances pam2 0.67 3.50 0.65 0.494 (0.434, 0.554) 0.756
pam3 1.62 3.00 0.80 0.582 (0.526, 0.639) 0.661
pam4 6.87 3.40 0.64 0.583 (0.530, 0.636) 0.660
pam5 1.48 3.24 0.70 0.646 (0.591, 0.700) 0.583
pam6 1.35 3.29 0.71 0.574 (0.512, 0.636) 0.671
pam?7 2.70 3.36 0.63 0.618 (0.562, 0.673) 0.619
pam8 0.94 3.18 0.75 0.613 (0.560, 0.665) 0.625
pam9 3.23 3.11 0.73 0.605 (0.547, 0.662) 0.634
pam10 1.62 2.80 0.82 0.619 (0.569, 0.669) 0.617
paml1 2.43 2.91 0.69 0.707 (0.663, 0.753) 0.499
paml2 1.62 2.75 0.74 0.749 (0.708, 0.790) 0.440
pam13 1.35 2.66 0.79 0.610 (0.560, 0.661) 0.628
g?sbtlr?b?niililsvﬁg:cilzin Item % Missing Mean Std. Dev. Standardized loading (95% CI) Error variance
standardized factor loadings and  gemcd] 0.00 5.42 2.80 0.807 (0.774, 0.840) 0.349
error variances semed2 0.67 6.05 275 0.812 (0.773, 0.850) 0.341
semcd3 0.40 6.22 2.75 0.817 (0.780, 0.853) 0.333
semcd4 0.54 6.02 2.65 0.836 (0.799, 0.873) 0.302
semcd5 1.08 6.68 2.56 0.705 (0.654, 0.755) 0.504
semcd6 0.40 6.84 2.68 0.679 (0.631, 0.728) 0.539
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Table 7 Estimated correlations between latent variables from con-
firmatory factor analysis models

Correlation 95% CI

Between Scales®

PIH, PAM 0.757 (0.718, 0.797)

PIH, SEMCD 0.722 (0.677,0.767)

PAM, SEMCD 0.626 (0.574,0.677)
Between PIH domains®

Knowledge, partnership 0.646 (0.556, 0.737)

Knowledge, symptom manage 0.433 (0.346, 0.520)

Knowledge, coping 0.368 (0.293, 0.443)

Partnership, symptom manage 0.618 (0.520, 0.715)

Partnership, coping 0.521 (0.436, 0.605)

Symptom manage, coping 0.623 (0.556, 0.691)

“Estimated from a three-factor model treating PIH as a single factor

Estimated from a PIH model treating the four domains as separate
factors

for this conclusion should be treated with some caution.
Estimates of correlation between poorly fitting latent vari-
ables may not be robust [41]. One explanation for differen-
tiation of the scales is that they emphasize, to a greater or
lesser degree, different aspects of self-management identi-
fied in the qualitative literature. For example, PAM does not
include items directly measuring management of social and
emotional aspects of self-management, while the other two
scales do. Self-efficacy, measured by the SEMCD, may be
considered a precondition for the acquisition and execution
of more specific self-management strategies, such as symp-
tom monitoring or life-style changes, which are measured
by the PIH and PAM.

What do these results mean for the utility of the three
measures? Evidence from many studies shows each of the
three tools provides reliable measures of self-management
ability, with evidence of construct validity [25, 26, 28, 35,
38, 56-59]. Poor fit of the models in our study does not
contradict these findings. Rather, it suggests these measures

@ Springer

should be understood as composite scales of self-manage-
ment, with each scale summarizing unidentified and some-
what different dimensions of self-management.

Measures that are multi-dimensional, or that examine
more narrow aspects of self-management, may have greater
clinical utility and enhance the depth of research. There
are many alternatives to the three measures of self-man-
agement examined in this study, and researchers and prac-
titioners should give careful consideration to the measure
that is most appropriate for the purpose. A recent scoping
review, identified 28 diverse self-management measures, of
which 13 were multi-dimensional, and 20 were condition
specific [8]. They were based on a variety of definitions
of self-management, grounded in a variety of theoretical
perspectives, and the multi-dimensional measures were
inconsistent in their domain definitions. The review high-
lighted the need for measurement of self-management to
catch up with the evidence on self-management as a multi-
faceted, ongoing process. Measures are needed which move
beyond a composite assessment to differentiate patients’
self-management strengths and need for support, and that
can be used in research to investigate the critical ingredients
of self-management interventions for patients with different
self-management needs.

Funding The funding was provided by Public Health Agency of
Canada, Nova Scotia Health Research Foundation (Grant No. PSO-
DI-2015-10083), Institute of Health Services and Policy Research.
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See Tables 8,9, 10 and 11.
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Table 8 Item wordings for the PAM, PIH and SEMCD

PAM
pam 1
pam 2
pam 3
pam 4
pam 5
pam 6
pam 7
pam 8
pam 9
pam 10
pam 11
pam 12
pam 13

When all is said and done, I am the person who is responsible for taking care of my health
Taking an active role in my own health care is the most important thing that affects my health
I am confident I can help prevent or reduce problems associated with my health

I know what each of my prescribed medications do

I am confident that I can tell whether I need to go to the doctor or whether I can take care of a health problem myself
I am confident that I can tell a doctor concerns I have even when he or she does not ask

I am confident that I can follow through on medical treatments I may need to do at home

I understand my health problems and what causes them

I know what treatments are available for my health problems

I have been able to maintain (keep up with) life-style changes, like eating right or exercising

I know how to prevent problems with my health

I am confident I can figure out solutions when new problems arise with my health

I am confident that I can maintain life-style changes, like eating right and exercising, even during times of stress

Partners in Health Scale (PIH)

pih 1
pih 2
pih 3
pih 4
pih 5
pih 6
pih 7

pih 8
pih 9
pih 10
pih 11
pih12
SEMCD
semcd1
semcd2
semcd3
semcd4

semcd5

semcd6

Overall, what I know about my health condition(s) is

Overall, what I know about my treatment, including medications for my health condition(s) is

I take medications or carry out the treatments asked by my doctor/health worker

I share in decisions made about my health condition(s) with my doctor or health worker

I am able to deal with health professionals to get the services I need that fit with my culture, values and beliefs
I attend appointments as asked by my doctor or health worker

I keep track of my symptoms and early warning signs 9 (e.g., blood sugar levels, peak flow, weight, shortness of breath, pain, sleep problems,
mood)

I take action when my early warning signs and symptoms get worse

I manage the effect of my health conditions(s) on my physical activity (i.e., walking, household tasks)
I manage the effect of my health conditions(s) on how I feel (i.e., my emotions and spiritual wellbeing)
I manage the effect of my health condition(s) on my social life (i.e., how I mix with other people)

Overall, I manage to live a health life (e.g., no smoking, moderate alcohol, health food, regular physical activity, manage stress)

How confident are you that you can keep the fatigue caused by your disease from interfering with the things you want to do?

How confident are you that you can keep the physical discomfort or pain of your disease from interfering with the things you want to do?
How confident are you that you can keep the emotional distress caused by your disease from interfering with the things you want to do?
How confident are you that you can keep any other symptoms or health problems you have from interfering with the things you want to do?

How confident are you that you can do the different tasks and activities needed to manage your health condition so as to reduce your need to
see a doctor?

How confident are you that you can do things other than just taking medication to reduce how much your illness affects your everyday life?

Table 9 Distribution of PIH Item Scores

pihl (%) pih2 (%) pih3 (%) pih4 (%) pih5 (%) pih6 (%) pih7 (%) pih8 (%) pih9 (%) pihl0 (%) pihll (%) pihl2 (%)

O 00 N N L AW N =

Missing

0.8 1.8 1.5 0.3 1.5 0.0 1.5 0.5 39 3.1 43 34
0.5 0.9 0.0 0.5 0.8 0.1 0.7 0.5 1.2 2.3 2.3 1.5
0.5 14 0.3 0.4 1.2 0.3 2.6 1.6 3.4 4.2 3.8 3.8
1.1 1.6 0.4 0.8 1.9 0.0 12 1.6 39 4.7 7.0 4.6
7.0 9.3 3.6 7.0 8.1 0.9 12.9 11.1 21.3 21.3 20.8 15.5
7.1 6.7 1.8 3.0 42 0.1 5.8 5.8 45 59 5.8 6.1
15.5 17.3 9.4 9.0 10.1 1.6 11.6 14.0 15.1 16.3 135 16.0
235 24.4 19.1 17.3 21.8 11.2 23.5 23.6 17.8 19.7 19.5 20.0
435 36.1 62.8 61.5 49.7 85.6 392 40.2 27.6 20.6 22.4 29.0
0.4 0.5 1.1 0.3 0.7 0.1 1.1 1.1 1.4 1.9 0.7 0.3
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Table 10 Distribution of PAM Item Scores

paml pam?2 pam3 pam4 pam5 pam6 pam7 pam§ pam9 pam10 pamll paml2 paml3
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
1 2.6 1.4 3.6 0.4 1.6 1.9 04 2.8 2.6 6.3 2.7 4.0 6.2
2 3.8 4.6 20.5 6.5 10.2 9.3 6.7 124 13.6 26.2 20.0 29.7 34.5
3 34.8 36.7 46.9 41.8 49.2 45.6 47.7 48.0 51.4 47.0 58.1 514 446
4 58.2 56.7 27.4 445 37.5 419 425 359 29.3 18.9 16.9 13.3 13.3
Missing 0.7 0.7 1.6 6.9 1.5 1.4 2.7 0.9 32 1.6 24 1.6 14
Table 11 Distribution of semcdl (%) semcd2 (%) semcd3 (%) semcd4 (%) semcd5 (%) semcd6 (%)
SEMCD Item Scores
1 12.8 8.0 7.3 8.6 55 7.1
2 7.4 6.9 5.8 4.6 39 2.7
3 10.7 7.8 7.7 6.9 4.9 43
4 7.7 6.6 6.2 7.3 49 6.2
5 8.6 8.9 11.3 12.7 10.5 7.1
6 9.2 11.2 8.8 9.7 9.2 8.8
7 159 144 12.8 14.7 132 12.1
8 14.3 15.1 16.4 16.0 21.0 20.2
9 6.6 9.2 11.1 11.1 132 14.0
10 6.9 11.3 12.3 8.0 12.7 17.0
Missing 0.0 0.7 0.4 0.5 1.1 0.4
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