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ORIGINAL ARTICLE

The SPUR adherence profiling tool: preliminary results of algorithm
development

Elodie de Bocka, Kevin Dolginb, Benoit Arnoulda, Guillaume Hubertb, Aaron Leec and John D. Pietted

aPatient Centred Outcomes, ICON plc, Lyon, France; bObservia, Paris, France; cDepartment of Psychology, University of Mississippi, Oxford,
MS, USA; dDepartment of Health Behavior and Health Education, University of Michigan School of Public Health, Ann Arbor, MI, USA

ABSTRACT
Objective: The SPUR (Social, Psychological, Usage, and Rational) Adherence Profiling Tool is a recently
developed adaptive instrument for measuring key patient-level risk factors for adherence problems.
This study describes the SPUR questionnaire’s psychometric refinement and evaluation.
Methods: Data were collected through an online survey among individuals with type 2 diabetes in
the United States. 501 participants completed multiple questionnaires, including SPUR and several vali-
dated adherence measures. A Partial Credit Model (PCM) analysis was performed to evaluate the struc-
ture of the SPUR tool and verify the assumption of a single underlying latent variable reflecting
adherence. Partial least-squares discriminant analyses (PLS-DA) were conducted to identify which hier-
archically-defined items within each dimension needed to be answered by a given patient. Lastly, cor-
relations were calculated between the latent trait of SPUR adherence and other patient-reported
adherence measures.
Results: Of the 45 candidate SPUR items, 39 proved to fit well to the PCM confirming that SPUR
responses reflected one underlying latent trait hypothesized as non-adherence. Correlations between
the latent trait of the SPUR tool and other adherence measures were positive, statistically significant,
and ranged from 0.32 to 0.48 (p-values< .0001). The person-item map showed that the items reflected
well the range of adherence behaviors from perfect adherence to high levels of non-adherence. The
PLS-DA results confirmed the relevance of using four meta-items as filters to open or close subsequent
items from their corresponding SPUR dimensions.
Conclusions: The SPUR tool represents a promising new adaptive instrument for measuring adherence
accurately and efficiently using the digital behavioral diagnostic tool.
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Introduction

Non-adherence to treatment for chronic disease is common
and a major driver of poor disease outcomes1. Several question-
naires have been developed to assess non-adherence, including
the widely-used 4- or 8-item Morisky Medication Adherence
Scales (MMAS-4 or MMAS-8)2, the Medication Adherence Report
Scale (MARS)3, the Beliefs About Medication Questionnaire
(BMQ)4 and the Adherence Starts with Knowledge (ASK) ques-
tionnaire5. However, these tools provide little information about
the drivers of non-adherence, and none of them allow for
adaptive or hierarchical administration in order for more effi-
cient administration via digital tools.

The SPUR (Social, Psychological, Usage, and Rational)
adherence profiling tool was developed using an iterative,
user-centered process including patient interviews in mul-
tiple countries and relevant behavioral theories. The frame-
work itself is based on a categorization of previously studied
drivers of non-adherence for patients with chronic disease6.
SPUR categorizes drivers for adherence to chronic treatments
into four broad dimensions: Social which includes both the

impact on adherence of how the patient perceives the sup-
port of those close to them as well as the patient’s percep-
tions of how the treatment affects their place in society;
Psychological which includes items measuring the respond-
ent’s self-concept, reactance and the discounting of future
benefits; Usage which corresponds to practical and control
elements such as access to medication, the complexity of
administration, perceived self-efficacy and other uninten-
tional drivers of non-adherence; and Rational which focuses
on perceptions of the treatment’s benefits, the seriousness of
the illness, and the individual’s perceived risk for bad out-
comes, including fear of side effects.

The SPUR adherence profiling tool consists of 45 items
and four meta-items. The meta-items are asked first and
have been developed to be used to quickly assess the risk of
non-adherence and as filters to open or close subsequent
items from their corresponding SPUR dimensions. An adap-
tive algorithm based on empirical analysis of the SPUR tool
is needed to streamline the digital administration of the
questionnaire in order to quickly focus on gathering detailed
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information within the range of adherence issues experi-
enced by the respondent while focusing less on less relevant
issues. In this way, the SPUR algorithm could be used in the
growing field of Digital Adherence Technology (DAT) to pro-
vide personalized digital behavioral interventions. The ques-
tions were designed in such a way as not to be specific to
any one pathology or healthcare system, in order to retain
sufficient flexibility to be incorporated into DATs for a variety
of situations.

The most common approach used to develop and validate
an instrument like SPUR is Classical Test Theory (CTT)7,8.
However, while CTT can provide unbiased estimates of the
target construct, random measurement error can make those
estimates unreliable in practice. Rasch-family models can
improve the precision of scale scores while minimizing the
number of items9. While sharing the fundamental assump-
tions of Item Response Theory, Rasch-family models have spe-
cific psychometric properties10, such as “specific objectivity,”
which allows consistent estimation of the parameters associ-
ated with the latent trait independently from the items used
for these estimations. Indeed, even if some patients do not
respond to all items, estimates of the latent trait parameters
are unbiased11–13. In brief, Rasch-family models explain the
probability of a response to an item as a function of the
latent trait (true non-adherence for a patient in the case of
the SPUR tool) and item parameters (difficulties). The lower
the item difficulty, the higher the probability of a positive
answer14. The SPUR adherence profiling tool contains polyto-
mous response options, it, therefore, uses a form of Rasch
modeling called the Partial Credit Model (PCM)15. Digital
administration makes these models much more feasible and
preferable for respondents to allow real-time customization of
the questionnaire administration and computation of valid
scores even if some items go unanswered.

The current study presents the analyses and results of the
psychometric process of developing the SPUR algorithm. Our
goal was to develop an algorithm for calculating summary
adherence measures accurately even in the context of miss-
ing data on some of the items6. Specifically, we describe
analyses of the structure of the SPUR tool using a PCM and
verify the assumption of a single unique latent trait repre-
senting “medication adherence.” Partial least-squares discrim-
inant analyses were conducted to confirm the four SPUR
dimensions (S, P, U, R) and identify which hierarchically-
defined items within each dimension needed to be
answered by a patient. Lastly, correlations were calculated
between the latent trait of SPUR with other patient-reported
adherence measures. The study used data collected via an
online survey of type 2 diabetes patients living in the
United States.

Methods

Study design and population

All study methods were reviewed and approved by the
University of Michigan Medical School Institutional Review
Board. Study participants with self-reported diabetes were
recruited from Amazon.com’s Mechanical Turk crowdsourcing

platform. Eligible respondents had to be 18 years of age or
above, and have an Amazon.com account linked to an IP
address in the United States. 12,906 respondents completed
an initial screener in which they indicated whether or not
they had ever been diagnosed by a healthcare provider with
several chronic health conditions and when they were diag-
nosed with each condition. Only respondents who indicated
that they had been diagnosed with type 2 diabetes for six
months or more were eligible to participate in the subse-
quent Qualtrics survey focused on adherence behavior and
adherence drivers. After providing consent, eligible partici-
pants were asked to complete a battery of questionnaires,
including the SPUR tool, the MMAS-8 and the BMQ, as well
as questions about their sociodemographic and clinical
characteristics.

The MMAS-8 is a generic self-administered 8-item scale
assessing medication-taking behavior16, developed from
the validated 4-item scale, MMAS-42. The eight items asked
direct questions about different situations leading to not tak-
ing treatment and are scored with 0 for a “Yes” and 1 for a
“No” answer. The items are summed to give a range of
scores from 0 to 8 with cutoffs indicating high adherence
(scores of 0), moderate adherence (1–2), and low adher-
ence (3–8).

The BMQ is an 18-item questionnaire evaluating people’s
beliefs about medicines4. The first eight items measure gen-
eral belief about medication-related harms and overuse. The
remaining ten items focus on medications that the respond-
ent is currently taking and their beliefs regarding these med-
ications’ necessity and concerns (e.g. side effects). Scores for
the general scale range from 4 to 16 and scores for the
respondent-specific scale range from 5 to 25.

Analysis

Exploration of the SPUR tool structure and item response
option scoring
The frequency and percentage of responses were calculated
for each item of the SPUR tool17. A PCM analysis was con-
ducted to understand the structure of the SPUR tool and
determine whether all items reflect the same underlying
concept. Akaike information criterion (AIC) and Bayesian
information criteria (BIC) were used to examine the fit of the
PCM. AIC and BIC obtained for PCM were compared to those
obtained for a Graded Response Model (GRM) with one fac-
tor and a GRM with four factors corresponding to the dimen-
sions S, P, U, and R. The fit of each item using p-value (v2)
was also examined. The item characteristic curve (ICC) of
each SPUR item was computed to verify whether the
response options were ordered in accordance with the scor-
ing function specifications.

In the case of the misfit of an item whose response
options are not ordered in accordance with the scoring func-
tion specifications, this item was recoded. The recoding con-
sists of combining adjacent response options in the
scoring algorithm.

Finally, we constructed the person-item map, which
shows the conjoint distribution of the participant measures
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and the location of the items along with the range of scores
defined by the latent dimension, i.e. low non-adherence to
high non-adherence. One purpose of the person-item map is
to confirm that the SPUR items cover the full range of

adherence behaviors in the population. This is determined
by examining the distribution of the item difficulties and
thresholds (represented in Figure 1 by solid and open circles)
along the latent dimension (x-axis) in the person-item map.

Figure 1. Partial credit model – person-item map, locations of item difficulties are displayed with solid circles and thresholds of adjacent category locations with
open circles. The participants are represented at the top of the map and the items are at the bottom of the map. The hardest items for participants to endorse are
located on the right of the map, and the easiest items for participants to endorse are on the left18.
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Validation of the meta-items
Four meta-items (one for each of the four S, P, U, R dimen-
sions) were developed and tested for their ability to predict
responses in further items. If these questions prove to be
predictive of later responses they can be used in an oper-
ational version of SPUR as filters to open or close subsequent
items, thereby reducing the testing burden. These meta-
items employ the vignette technique19 and describe proto-
typical chronic illness patients:

Social meta-item – “Jennifer has type 2 diabetes and is concerned
that her treatment will affect her relationships with others.”

Psychological meta-item – “Michael has type 2 diabetes. He does
not believe that he needs to take his medications just because his
doctor says so.”

Usage meta-item – “Jeff has type 2 diabetes and is worried that it
will be difficult to take his diabetes medication as prescribed by
his doctor.”

Rational meta-item – “Theresa has type 2 diabetes. She does not
believe that her medication is as important as her doctor seems
to think.”

For each meta-item, along with the above, two state-
ments are given for which participants are asked if they
agree with each statement using a 5-point scale ranging
from 1 (“strongly disagree”) to 5 (“strongly agree”). The
hypothesis is that disagreement with these statements indi-
cates that the participant has a higher probability of being
adherent to their medication treatment. As such, the
response options were classified into two categories:
response options 1 and 2 were considered positive to indi-
cate probable adherence whereas response options 3, 4, and
5 were considered negative. Negative response options indi-
cate a need to delve deeper using all items of the corre-
sponding dimension.

Due to the multicollinearity of the four SPUR dimensions,
partial least-squares discriminant analysis (PLS-DA) was par-
ticularly well-suited to test the relevance of using the meta-
items. PLS20 allows exploring the fundamental relations
between two matrices: in this case, the first matrix was the
answers collected for the independent categorical variable
(the considered meta-item with response options recoded as
“1” when they were considered positive and as “0” when
they were considered negative) that would be explained
using the second matrix composed by data collected for the
dependent variables (the subsequent items linked to this
meta-item). Four PLS-DA were performed, one for each of
the four meta-items.

Concurrent validity
Finally, Spearman’s correlation coefficients were calculated
between the latent trait of SPUR-measured adherence and
the MMAS-8 score and the four BMQ dimension scores.

Statistical analyses software
Statistical analyses were performed using SAS software for
Windows (Version SAS Studio 3.7; SAS Institute, Inc., Cary,
NC, USA) and the PCM and PLS-DA were performed using

R (R version 3.6.2; 2019 The R Foundation for
Statistical Computing).

Results

Population characteristics

Five hundred and one participants completed the SPUR
items and were included in the analysis. Most participants
were women (56%) and white (81%). The participant had a
mean age of 45 years and 14% had at most a high school
education (Table 1). All participants self-reported a diagnosis
of type 2 diabetes with a time since diagnosis ranging from
six months to one year for 13%; one to five years for 46%
and more than five years for 41%.

Most respondents reported being diagnosed with type 2
diabetes between 1 and 5 years (45.7%) or >5 years (41.2%)

Table 1. Description of participants.

Variablea Overall
(N¼ 502)

Age (years)
Mean (SD) 45.1 (13.3)
Median 45
Min – Max 19� 77

Sex
Male/Female 219 (43.6%)/

283 (56.4%)
Annual household income

Less than $15,000 55 (11.0%)
$15,000 to under $30,000 114 (22.8%)
$30,000 to under $55,000 151 (30.1%)
$55,000 and above 181 (36.1%)

Married or long-term relationship situation
Yes 352 (70.4%)
No 148 (29.6%)

Employment status
Full-time employed 298 (59.4%)
Part-time employed 70 (13.9%)
Homemaker 39 (7.8%)
Not employed, retired 95 (18.9%)

Education
8th grade or less 1 (0.2%)
Some high school, but did not graduate 5 (1.0%)
High school graduate or GED 63 (12.6%)
Some college or 2-year college degree 181 (36.1%)
4-year college graduate 179 (35.7%)
More than 4-year college degree 72 (14.4%)

Race
American Indian or Alaska native 8 (1.6%)
Asian 27 (5.4%)
Native Hawaiian or other Pacific Islander 4 (0.8%)
Black or African American 42 (8.4%)
White 404 (80.5%)
More than one race 16 (3.2%)
Unknown 1 (0.2%)

Number of people living in household
Mean (SD) 3.3 (5.9)
Median 3
Min – Max 0� 90

Diabetes duration
6months to 1 year 66 (13.1%)
1 to 5 years 230 (45.7%)
More than 5 years 207 (41.2%)

Treated with insulin 219 (43.5%)
Taking oral diabetes medications 446 (88.7%)
Comorbidities

Heart disease 98 (19.5%)
Chronic respiratory disease 155 (30.8%)
Depression 236 (46.9%)

aMissing data not included in the calculation of percentages.
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prior to study. Nearly half of the sample reported using insu-
lin (43.5%). Nearly all respondents reported using oral anti-
diabetic medications (88.7%). In terms of comorbidities,
19.5% of respondents reported having been diagnosed with
heart disease, 30.8% reported a prior diagnosis of chronic
respiratory disease (i.e. asthma and/or COPD), and 46.9%
reported a prior diagnosis of depression

The mean MMAS-8 total score was 5.1 (standard deviation
(SD)¼ 2.2), indicating a low level of adherence. The mean
BMQ-General Harm subscale, Overuse subscale, Concerns sub-
scale, and Necessity subscale scores were 14.8 (SD ¼ 3.6); 11.3
(SD ¼ 3.5); 11.6 (SD ¼ 3.9); and 11.9 (SD ¼ 4.3), respectively.

Exploration of the SPUR tool using PCM

The PCM fit was good, confirming that SPUR responses
reflected one underlying latent trait hypothesized as non-
adherence. Only 12 of 45 items did not fit the PCM model
(p-value (v2) < .05). AIC and BIC were 54,934.791 and
55,689.563 for the PCM, 57,809.323 and 58,758.059 for the
GRM with one factor and 57,388.646 and 58,362.682 for the
GRM with four factors, indicating a better fit of the Rasch
model (PCM). Items that did not fit along with their corre-
sponding fit statistics are shown in Table 2. The number of
items that did not fit was the highest in the Rational dimen-
sion (4 items) and the lowest in the Psychological dimension
(2 items).

The PCM ICC (Figure 2) showed that the response options
for eight items were not ordered in accordance with the
scoring function specifications. These observations led to
item recoding. After item recoding, the PCM fit increased sig-
nificantly and only six items over the initial 12 items did not
fit the PCM model: S23; S24; P27; P28; U212, and R28.

Figure 1 shows the person-item map which represents
the distribution of the sample on the latent trait hypothe-
sized to be non-adherence. Respondents were mainly located
on the left of the map, indicating that most participants
were moderate to highly adherent. Items located to the right
on the map are more “difficult” than those located to the
left. The person-item map shows that the “easiest” item was
U24 “Too many doctors don’t listen to what patients tell
them” and the most difficult item was S29 “My diabetes
should be taken seriously.” More generally, the person-item
map indicates that the items of the SPUR tool covered
the full range of the patient population distribution.
Furthermore, the items of the SPUR tool covered also the
extreme right of the person-item map (even if no
participant is located at this extremity), indicating that high
levels of non-adherence also should be well assessed by
this tool.

Validation of the meta-items
Table 3 presents the results from the PLS-DA for each of the
four SPUR dimensions. Four items (see Table 3) discriminated
the answers obtained for the Social meta-item with an error
rate of 21%. Nine items discriminated the answers obtained
for the Psychological meta-item with an error rate of 20%,

and 14 items U21 shown in Table 3 discriminated the
answers obtained for the Usage meta-item with an error rate
of 33%. The remaining items discriminated against the
answers obtained for the Rational meta-item with an error
rate of 10%.

Correlation between the latent trait of SPUR adherence to
MMAS-8 and BMQ
As shown in Table 4, the latent trait of the SPUR tool pre-
sented a slightly higher correlation with the MMAS-8, nearing
0.5 (p-value < .0001) than with the BMQ dimensions (0.32 to
0.48, p-values< .0001).

Discussion

We evaluated key psychometric properties of the SPUR tool
in a large diverse sample of people with type 2 diabetes
recruited from Amazon.com’s Mechanical Turk online crowd-
work platform. Studies have shown that the Mechanical Turk
respondent pool broadly represents the general population
with respect to educational attainment, income, and other
sociodemographic factors21,22.

The distributions of the responses for the SPUR items
demonstrated good use of all response options for each of
the 45 items. This indicates that the items seemed to be glo-
bally well-understood by respondents and that the options
described a wide range of patient adherence experiences.

After recoding 12 items that did not fit the PCM model
and for which the response options were not ordered as
expected, six of those items still did not fit the final PCM
model. Most of these items were designed to investigate the
importance of social norms, e.g. “Medications are more
expensive than they should be6.” Two items were related to
time (projection into the future or attitudes towards current
vs. future benefits) and were designed to take into account
discounting of future benefits. The poor fit of these items
with the PCM model may indicate that these hypothesized
drivers of adherence are less important than expected for
this population of patients. It may also be that these items
are more difficult to understand for some respondents. One
cannot either exclude the possible impact of the involve-
ment of the care-taking doctors which could affect the PCM

Table 2. Fit statistics of items that did not fit initially.

Partial credit modelItem

X2 Df p

S23 734.132 501 .000
S24 663.399 501 .000
S25 658.671 501 .000
P27 806.358 501 .000
P28 700.829 501 .000
U22 580.686 501 .007
U211 573.641 501 .012
U212 785.946 501 .000
R28 642.179 501 .000
R210 588.646 501 .004
R213 587.320 501 .004
S27� 561.244 501 .030
�This item was included in the Rational (R) category.
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model items that did not fit. Furthermore, it is also important
to keep in mind that the sample size of participants who
answered all items was relatively high (501 participants), and
studies indicate that this can engender item fit issues for
items with no real problems because the tests are overpow-
ered23. For all of these reasons, the performance of these
items should be tested further with data collected in other

populations with other chronic conditions in order to decide
whether they should be kept or dropped. The PCM had a
good initial fit and an even better fit after item recoding.
The fit results obtained for GRM with four factors were
slightly better than those obtained for GRM with one factor
but not as good as those obtained for PCM. These results
confirm that one underlying latent trait is measured by the

Figure 2. Partial credit model – item characteristics curve plots. These curves are plots of the probability for each response option to be answered by the partici-
pants (y-axis) depending on the continuum of the latent trait being measured (x-axis representing the non-adherence level).
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SPUR tool. This finding is further supported by the correl-
ation between the latent trait of the SPUR tool to the
MMAS-8 nearing 0.5 (p-value < .0001), which was higher
than the correlations between the MMAS-8 and the BMQ.
This confirms our assumption about the latent trait hypothe-
sized as non-adherence.

The person-item map demonstrates that the items of the
SPUR tool covered the entirety of the adherence behavior
continuum without gaps. Most respondents’ answers fell on
the left of the person-item map, confirming that the popula-
tion was moderate to highly adherent. This could be linked

to the assumption that fewer adherent patients are likely to
be under-represented in panels requiring patients to actively
participate in studies. The study sample is quite adherent,
and certainly being more adherent than the population tar-
geted with this tool in the future poses a limitation and calls
for future studies focusing on fewer adherent populations.

The results obtained for the validation of the meta-items
using PLS-DA were particularly good, especially for the
Rational meta-item. The results indicate that the four meta-
items are specific enough to the subsequent items in the
dimensions and can be used to identify participants for

Table 3. Error rate and very important projection (VIP) were obtained from the partial least-squares discriminant analysis (PLS-DA).

Dimension Item# Item label VIP Error rate

Social S21 My diabetes affects my relationships with those I care about. 1.588 21.1%
S22 My diabetes affects my social life. 1.475
S23 I would be interested in knowing if others with diabetes follow their treatment plans. 0.383
S24 I think that people with diabetes generally follow their doctors’ prescriptions exactly. 0.370
S25 The people in my life help me to manage my diabetes. 0.145

Psychological P24 It is essential that I follow my treatment plan. 1.599 20.0%
P22 Precisely following the doctor’s recommendations is the best way for me to stay healthy. 1.223
P23 I trust my doctors’ recommendations. 1.169
P26 I’m the kind of person who will follow their treatment plan exactly. 0.993
P29 If my doctor recommends that I do something, I do it. 0.980
P25 Sometimes my diabetes seems unreal to me. 0.757
P21 Fighting for my health is my highest priority. 0.753
P28 I live in the moment. 0.600
P27 I will have to take diabetes medications for the rest of my life. 0.364

Usage U29 I find it easy to take my diabetes medications. 1.250 33.3%
U25 My diabetes has led to financial problems. 1.233
P211 Sometimes I don’t follow my diabetes treatment plan exactly. 1.207
U211 My treatment affects my sex life. 1.172
U24 Too many doctors don’t listen to what patients tell them. 1.091
U23 I am able to follow my treatment plan. 1.040
U22 I can easily pay for my treatment. 1.010
U21 I find it easy to get my treatment for my diabetes. 0.974
U28 I find it easy to manage the different medications I take. 0.959
R214 I have found ways to deal with my diabetes. 0.911
U27 I am satisfied with the level of information I have about my treatment. 0.897
U26 I find it easy to follow my treatment plan when I am not at home. 0.790
U210 I am able to exercise despite my diabetes. 0.758
U212 Medications are more expensive than they should be. 0.304

Rational R25 Medications for my diabetes don’t do anything for me. 1.656 10.0%
R27 There is no point in taking medications for my diabetes. 1.634
S27 I believe I can stop my treatment for my diabetes when I feel better. 1.492
P210 Sometimes doctors prescribe treatments you don’t really need. 1.188
R29 My diabetes is likely to get worse if I don’t follow my treatment plan. 1.094
R26 My treatment helps my diabetes. 1.049
S29 My diabetes should be taken seriously. 1.037
R211 My diabetes keeps me from doing things I want to do. 0.958
S28 I am worried about taking medications. 0.857
R213 Non-traditional treatments could replace some of my medications. 0.841
R210 I feel worse if I don’t follow my treatment plan. 0.726
R28 What I do impacts my diabetes. 0.669
R23 I completely understand my diabetes. 0.608
R22 I am satisfied with the level of information I have about my diabetes. 0.598
R212 Following my diabetes treatment plan lets me do the things I want to do. 0.494
R24 I don’t like taking medications. 0.379
R21 I am worried about the side effects of some medications. 0.360

In bold, very important projection (VIP)>1.

Table 4. Spearman’s correlation coefficient between the latent trait of the SPUR questionnaire and MMAS-8 and BMQ dimensions.

Dimension Latent trait of SPUR MMAS-8 Sum Score

Spearman’s correlation coefficient p-value Spearman’s correlation coefficient p-value

Latent trait of SPUR 1 – 0.47587 <.0001
MMAS-8 sum score 0.47587 <.0001 1 –
BMQ general scale – harm �0.47764 <.0001 �0.38609 <.0001
BMQ general scale – overuse �0.32462 <.0001 �0.31428 <.0001
BMQ specific scale – concerns �0.40786 <.0001 �0.40087 <.0001
BMQ: specific scale – necessity 0.31649 <.0001 0.06469 <.0001

CURRENT MEDICAL RESEARCH AND OPINION 177



whom the administration of the subsequent items in corre-
sponding dimensions would be of interest. However, the
error rate for the Usage meta-item remains high, reflecting
the fact that this item reflects a diverse set of practical con-
cerns ranging from financial issues to forgetfulness.
Therefore the lower performance in terms of psychometrics
is attributable to the composite nature of the domain, not to
a weakness in the questioning.

Analyses conducted with the PCM and PLS-DA models
suggest that a personalized algorithm for SPUR administra-
tion can be designed, to improve the efficiency in the detec-
tion of patients with adherence issues while limiting the
testing burden. The SPUR tool presents a comprehensive
approach to adherence: the underlying 4-dimension structure
covers a large variety of determinants of behavior; the range
of items provides comprehensive coverage of detailed con-
cepts relevant to patients and a rather high granularity in
the evaluation of patients on the adherence continuum,
from the most adherent to the most non-adherent ones. The
analytic methods used (PCM and PLS-DA) are highly tolerant
to missing data, colinearity and non-normal distributions,
which ensures the generalizability of findings as well as their
transferability to practical applications. Altogether, this first
psychometric evaluation of SPUR suggests that the instru-
ment could be used for efficient detection and profiling of
patients facing adherence issues, and for the design of tail-
ored intervention with digital support programs. In order to
confirm these findings, and to finalize and validate the SPUR
algorithm, two similar studies are currently ongoing: in the
United Kingdom and in France.

Diabetes was chosen as a pathology for this research
largely because of the importance of the disease for public
healthcare, the established impact of low adherence on dia-
betes outcomes and the relative ease with which subjects
can be recruited. Focusing on diabetes is a limitation, and
further research is needed to establish the ability of SPUR to
predict non-adherence in other pathologies and to establish
correlations for various drivers across the three constituents
of non-adherence: lack of initiation, poor implementation,
and non-persistence24.

Conclusions

The SPUR tool was designed to assess the risk of non-adher-
ence to treatment for patients with chronic diseases via an
interactive, customized digital tool while identifying the spe-
cific drivers of that risk for individual patients. The results of
the current study indicate that there is a unidimensional
latent trait of adherence which is well-described by the SPUR
tool and it is highly likely to correspond to adherence behav-
ior and adherence-related health outcomes. These results are
encouraging and indicate that the SPUR tool serves its
designed purpose and can be used in a personalized fashion,
in which underlying items are presented to respondents in a
hierarchical manner, reflecting their utility for measuring the
underlying concept of adherence and identifying the specific
drivers of non-adherence for each individual patient. The
potential for SPUR to link the relative importance of these

different previously-established behavioral drivers to the risk
of non-adherence for individual patients should enhance the
impact of DATs by allowing personalized behavioral interven-
tions even in fully automated settings.
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