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Minimal evidence of response shift in the absence of a catalyst
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Abstract

Background Individuals with chronic conditions experi-
ence fluctuations in health status and thus may experience
response shift. We sought to test the hypothesis that
response shift effects would be non-significant among
individuals with chronic disease who experienced rela-
tively small changes in their health status over a 1-year
period.

Methods This secondary analysis utilized longitudinal
cohort data on a community-based sample (n = 776) rep-
resenting four chronic diseases (arthritis, heart failure,
diabetes, or chronic obstructive pulmonary disease).
Information on health-care utilization was obtained from
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the provincial health insurance database. Participants
completed the SF-36 twice annually. Parameter invariance
over 1 year in a second-order SF-36 factor structure was
evaluated by adapting Oort’s approach by fitting a second-
order measurement structure with first-order factors for the
SF-36 subscales and second-order factors for physical and
mental health status while accommodating ordinal data.
Results  Over 80 % of participants had no hospitalizations
or emergency room visits over follow-up. The model had
an acceptable fit when all measurement model parameters
were constrained at both time points (RMSEA = .035,
CFI = .97). There was no substantial difference in fit when
measurement model parameters (item thresholds, first-
order factor intercepts, and factor loadings) were allowed
to vary over time.

Conclusion Among chronically ill individuals with stable
health, substantial response shift effects were not detected.
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These results support the theoretical proposition that
response shift is not expected to occur in patients with
relatively stable conditions.

Keywords Structural equation modeling - Chronic
disease - Response shift - Health-related quality of life

Introduction

The comparison of patient-reported outcome scores is
based on a belief that the meaning of concepts and mea-
surement scales remains stable in individuals’ minds over
time and is similar between groups [1—4]. This assumption
may be challenged if there are differences between or
within people over time in internal standards (recalibra-
tion), values (reprioritization), or conceptualizations
(reconceptualization). These response shift effects reflect
adaptation to changing health [5, 6] and can affect the
psychometric characteristics of the outcome measurement
tool [7].

Response shift theory posits that health-state changes
are the requisite catalyst for response shift effects to take
place [8, 9], since individuals with chronic disease are
expected to experience changes in their physical health due
to the natural vicissitudes of their diagnosis, as well as by
effect of effective or ineffective intervention. They are thus
expected to change their internal standards, values, or
conceptualization of health-related quality of life because
they are living day-to-day with the chronic illness. It is
possible, however, that as they acquire strategies to help
them cope and manage changes in health over time, they
experience periods of stability when there is little change in
health. In these conditions, there is no-response shift cat-
alyst, and one would not expect to find detectable response
shift effects. To date, response shift research has primarily
documented conditions where response shift effects are
expected and detected [10]. Our purpose is to evaluate
whether response shift effects are detected in conditions
where no-response shift is expected.

Recent advances in statistical methodology provide
sensitive and useful tools for detecting and adjusting for
response shift effects when they occur. One such approach,
developed by Oort [11], builds on structural equation
modeling (SEM) [12] to detect response shift effects. The
Oort method has been successfully applied to patients with
cancer [13], multiple sclerosis [14, 15], stroke [16], chronic
obstructive pulmonary disease [17], and musculoskeletal
diseases [18-21]. The method applies and systematically
relaxes parameter constraints in the measurement models
to detect evidence of recalibration, reprioritization, and
reconceptualization response shifts [11, 22].
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Several studies have evaluated response shift using SEM
to assess changes in the generic Short-Form 36’s (SF-36)
measurement model over time by applying Oort’s model-
ing approach [11, 12, 22]. These studies used a first-order
model of the SF-36 and assessed response shift in the
mental and physical component summary scores with
respect to the SF-36 subscale scores. In most cases, the
eight SF-36 subscales have not been represented as latent
factors when evaluating response shift, which may be due
to accommodating relatively small sample sizes and to the
complexity of having to evaluate invariance of a large
number of parameters (including all thresholds and first-
order factor loadings) [23]. Consequentially, response shift
has not been examined with respect to the original item
responses but rather with respect to the computed domain
scores following the SF-36 scoring algorithm. The limita-
tion of this approach is that the possibility of response shift
with respect to the first-order measurement structure (items
within subscales) is ignored. A second-order factor model
[24] that represents the relationships between the SF-36
summary scores, the SF-36 subscales, and the individual
items, to our knowledge, has never been applied in a
response shift evaluation. Such a model may yield different
conclusions about the presence of response shift effects.
That is, response shift can occur both with respect to the
two second-order factors (mental and physical health
components) as well as the eight first-order factors that
represent the SF-36 subscales.

Given the importance of evaluating response shift to
monitor changes in health for individuals with chronic dis-
ease in primary care [25], we aimed to assess response shift
among a cohort of individuals with chronic disease over a
1-year period. On average, these individuals experienced
relatively small changes in health over time, and, therefore,
we hypothesized that very little or no-response shift effects
would be detected when assessing response. Our aim was to
test our hypothesis by examining whether response shift
would be detected when evaluating changes over time using
a second-order factor model of item responses with both the
mental and physical health component summary scores and
SF-36 subscale scores as latent factors.

Methods
Study sample and data collection procedures

This study is a secondary analyses of data from the Project
Maladies Chroniques en Premiére Ligne (MACHRO-1)
([26, 27] (primary investigator Deborah Ehrmann-Feld-
man)). The data for this secondary analysis include 776
patients 18 years of age or older with arthritis, heart failure,



Qual Life Res (2014) 23:2421-2430

2423

Table 1 Participant characteristics and baseline and follow-up scores
on the SF-36

Characteristics Participants

Gender (%)

Male 44.70 %

Female 55.30 %

Age, M(SD) 67.1 (SD: 11.6)
Marital status (%)

Married/spouse 56.70 %

Single 15.90 %

Divorced 10.80 %

Widowed 15.50 %
Diagnosis, N (%)*

Arthritis 211 (27.2 %)

Heart failure 150 (19.3 %)

Diabetes 258 (33.3 %)

COPD 157 (20.2 %)
Baseline scores, Baseline Follow-up
mean (SD)
PF 51.74 (29.97) 53.27 (28.86)
RP 53.65 (43.46) 52.68 (42.89)
BP 56.94 (30.05) 59.65 (29.85)
GH 55.46 (23.40) 56.98 (22.40)
VI 53.84 (22.65) 56.16 (21.21)
SF 72.87 (27.46) 73.88 (25.16)
RE 77.45 (37.15) 73.92 (37.74)
MH 70.99 (20.01) 73.74 (18.61)
PCS 39.39 (11.62) 40.07 (11.31)
MCS 50.99 (11.08) 51.38 (10.60)

*Arthritis: All inflammatory and chronic non-inflammatory arthritis
except juvenile arthritis and infectious arthritis. This included rheu-
matoid arthritis, ankylosing spondylitis, psoriatic arthritis, inflam-
matory polyarthropathies, arthrosis, or chronic osteochronic

Diabetes: Both types of insulinodependent or non-insulinodependent
diabetes (type 1/type 2) with as well as without diabetes-related
complications, but excluding juvenile diabetes

Heart Failure: Diagnoses of congestive, left or right heart failure,
systolic or diastolic dysfunction, pulmonary edema and cardiac
asthma, with or without atherosclerosis

Chronic Obstructive Pulmonary Disease (COPD): This included
chronic bronchitis, emphysema, and chronic bronchial asthma

diabetes, or chronic obstructive pulmonary disease as a
primary diagnosis who were recruited from 33 primary
health-care clinics. The 33 PHC practices were part of
different types of organizations and representative of a
range of urban, suburban, and rural areas. A definition of
the inclusion diagnoses is presented in Table 1. Details of
the distribution of participants’ characteristics for the full
sample were presented in an earlier publication of the
MACHRO study [26]. Participants provided informed
consent for the MACHRO study, and University of

Montreal’s Research and Ethics Committee approved the
study (IRB Study Number A06-E40-10B). Patients were
interviewed face-to-face at study entry and by phone
12 months later.

Measures

Participants completed the SF-36 Version 1 (SF-36) [28], a
generic patient-reported outcome measure with docu-
mented reliability and validity across a broad range of
patient populations and used in more than 6,000 published
studies [29]. The tool includes 36 items for the measure-
ment of eight subscales that are summarized in two com-
posite scores reflecting physical and mental health status.
The eight subscales include: physical functioning (Physical
Function; 10 items), role limitations due to physical health
(Role Physical; 3 items), bodily pain (Bodily Pain; 2
items), general health (General Health; 5 items); vitality
(Vitality; 4 items), social functioning (Social Function; 2
items), role limitations due to emotional problems (Role
Emotional; 3 items), and mental health (Mental Health; 5
items). Items are measured on a binary, 5-point, or 6-point
Likert scales. Though some items are positively worded
and others are negatively worded, all items are rescaled
such that higher scores on the SF-36 indicate higher
functioning. Demographic and medical co-morbidity were
collected at study entry, and health-care utilization data at
baseline and 12 months from the Quebec provincial health
data base (RAMQ) medical service claims, physician, and
beneficiary files.

Approaches to response shift detection
Correlated first-order factor model

Prior to evaluating response shift with respect to the sec-
ond-order factor model, we first examined response with
respect to the correlated SF-36 subscales (we refer to this
as the correlated factors model of SF-36 subscales).
Response shift in the second-order factor model pertains to
the relationships among the SF-36 subscales. In the second-
order factor model (depicted in Fig. 1), the SF-36 subscales
mediate the relationships between the items and the cor-
responding physical and mental health factors. Conse-
quently, response shift in the second-order factor model is
confounded with response shift in each of the measurement
structures of the SF-36 subscales. It is therefore important
to first examine and accommodate any response shift with
respect to the SF-36 subscales. To do so, we first examined
a latent variable model with all SF-36 subscales specified
as correlated latent factors. A no-response shift model was
specified with measurement model parameters of each
subscale (item thresholds and factor loadings) constrained
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Fig. 1 The measurement model used in response shift detection.
Notes: Circles represent latent variables (common and residual
factors). All latent variable variances are fixed as one. Abbreviations:
PF physical functioning, RP role physical, BP bodily pain, GH

to be equal over time. For this model, means are fixed at
zero at time 1 and free at time 2, the variance of each factor
was set to 1 at time 1 and time 2, and error terms of items at
time 1 were correlated with error terms of items at time 2.
A response shift model was subsequently specified by

allowing the measurement model parameters (i.e.,

@ Springer

general health, VT vitality, SF social functioning, RE role emotional,
MH mental health. Red numbers Time 1 parameter estimates. Blue
numbers Time 2 parameter estimates

thresholds and loadings) to vary over time. One threshold
of one item per latent factor was held to be equivalent over
time for purposes of model identification [30]. Response
shift (reprioritization and recalibration) was examined
separately for each SF-36 subscale by allowing all loadings
and thresholds of that subscale to vary across occasions
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while holding the measurement model parameters of the
other SF-36 subscales constant over time in the correlated
latent factors model. Cross-loadings between the observed
items and first-order latent factors were not considered
because of the intent to remain consistent with the SF-36
measurement structure (i.e., retain the configuration of the
subscales). Therefore, reconceptualization response shift
(which would require an exploration of all possible cross-
loadings) was not considered in the first-order factor
model. A final model was specified to accommodate
recalibration and reprioritization response shift in the
measurement structures of the SF-36 subscales by allowing
the item thresholds and SF-36 subscale latent factor load-
ings with statistically significant response shift to vary over
time (i.e., they were not constrained to be equal over time).
This is the comparison model for the second-order factor
model.

Second-order factor model

Building on Oort’s approach, response shift with respect to
the second-order factor model (Fig. 1) was examined by
evaluating parameter invariance over time with respect to
the relationships between the first-order latent factors (the 8
subscales of the SF-36 modeled as latent factors) and
second-order latent factors (the SF-36 physical and mental
health components) that correspond with the SF-36 mea-
surement structure (see [31] for specification of second-
order factor models). For the no-response shift model, the
second-order factors were correlated with variances of 1 at
both time points. The first-order factor means were fixed at
0 at time 1 and estimated at time 2, except for one invariant
first-order factor mean per second-order factor, which was
constrained to be equal over time (for identification pur-
poses). The means of the second-order factors were fixed at
0 at time 1 and estimated at time 2, and the factor loadings
were constrained to be equal over time. For the second-
order response shift model, the second-order factor load-
ings were then constrained sequentially to be invariant over
time for examination of reprioritization response shift, and
cross-loadings were subsequently specified sequentially to
examine reconceptualisation response shift. Recalibration
response shift was represented by a change in the first-
order latent factor means over time. These are the inter-
cepts for the second-order factor model.

Statistical analyses

Data screening, evaluation of variable distributions, and
reasons for missing values were assessed using SAS 9.1
software [32]. Mean scores or frequencies were calculated
for the demographic, medical co-morbidity, health-care

utilization data, and the SF-36 subscale scores. All latent
variable models were estimated using Mplus and weighted
least squares mean and variance adjusted (WLSMV) esti-
mation [33, 34]. Pairwise deletion was used to accommo-
date missing data (11.7 % missing values for SF-36 items).
Polychoric and polyserial correlations and probit-link
functions were used to accommodate the ordinal and binary
distributions of the SF-36 items.

The appropriateness of the latent variable measurement
models was assessed using a variety of fit indices. Fit of the
models was evaluated using the comparative fit index
(CFI), which ranges from 0 to 1, with higher scores (e.g.,
greater than .95) indicating better fit. We also used the root
mean square error of approximation (RMSEA) [35].
A RMSEA value less than .06 indicates a close fit of the
model in relation to the degrees of freedom, although this
figure is based on subjective judgment [36]. The chi-square
statistic is also reported but not relied upon as a criterion
for a well-fitting model due to its sensitivity to sample size
[23]. Because the chi-square differences based on WLSMV
estimation are not distributed as a chi-square, the DIFF-
TEST procedure in MPlus was used to assess whether the
differences in fit between the nested models were statisti-
cally significant (WLSMV %2 [37, 38] ). Further, to assess
the impact of response shift, the latent factor mean scores
between the response shift models and no-response shift
models were compared. The statistical significance of mean
difference scores was examined using the chi-square dif-
ference test.

Results

Table 1 summarizes the characteristics of the study popu-
lation. The average age was 67 and 55 % were female.
Overall, 25 % of the sample had more than one diagnosis,
11.8 % had 2 co-morbidities, 2.2 % had 3 co-morbidities,
and 1 % had three co-morbidities. Twenty-four percent of
individuals had a hospitalization, and approximately 34 %
had one emergency room visit over the one-year follow-up
period. Table 2 summarizes health-care utilization across
each chronic disease group. Among all chronic conditions,
individuals with arthritis had the highest frequency of visits
to the general practitioner. All other health-care utilization
was relatively similar across chronic conditions.

As shown in Figure 2, the SF-36 item distributions are
similar at baseline and 12-month follow-up. Descriptive
statistics for the SF-36 subscale scores are presented in
Table 1 for baseline (study entry) and 12-month follow-up.
There was very little missing data in the SF-36 scores at
study entry (i.e., data were available on 98-100 % of
patients). At 12 months, attrition resulted in approximately
25 % of the sample providing less data on the SF-36.

@ Springer



2426

Qual Life Res (2014) 23:2421-2430

Table 2 Frequency of health-care utilization by patient group

No. times in past year Heart COPD Arthritis Diabetes Likelihood-ratio
failure x2
(P value)
Number of consultations with a GP or specialist 0 29 26 45 20 70.73 (.000)
1 65 74 163 90
2 113 96 234 117
3 84 78 114 101
>4 288 262 293 231
Do not Know 2 0 1 3
Refused 0 0 0
Missing 0 1
Number of visits to hospital emergency departments 0 393 371 682 434 55.58 (.000)
1 102 93 112 78
2 41 32 32 25
3 19 20 14
>4 24 19 9 18
Do not Know 2 1 1
Refused 0 0 0
Missing 0
Number of hospitalizations 0 430 418 758 488 99.95 (.000)
1 92 78 69 60
2 34 26 12 9
3 11 8 3 2
>4 13 6 4 1
Do not Know 1 0 4 1
Refused 0 0 0 1
Missing 1 1 0 1

Bolded font shows the cells that were responsible for the significant chi-squared statistic. Despite the larger number of health-care utilization
episodes for the arthritis subgroup, we were underpowered to do the SEM analyses just for arthritis or comparing the groups

Assessment of response shift
Correlated first-order factor model of the SF-36 subscales

The unconstrained correlated factors model fit the data well
(see model 1 in Table 3). Specification of no-response shift
for all latent factors (model 2) led to a statistically signifi-
cant reduction in model fit, which suggests evidence of
response shift. Examination of separate models that
accommodate response shift for each SF-36 subscale
revealed statistically significant reprioritization or recali-
bration response shift only for the Physical Health, Vitality,
and Mental Health scales. The final model accommodating
response shift with respect to these scales and holding all
measurement parameters for the other subscales to be
invariant (Model 3) fit the data well (RMSEA = .035) and
led to a statistically significant improvement in fit relative to
the no-response shift model of the correlated first-order
factors. While significance was reached, the differences in
magnitudes of the standardized parameter estimates that
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were allowed to vary over time were very small (see Fig. 1).
Thus, there was no evidence of substantial response shift.

Second-order factor model

We evaluated response shift with respect to the physical
and mental health components using a second-order factor
model (see Fig. 1). The unconstrained second-order factor
model fit the data reasonably well (model 4 in Table 3).
There was not a statistically significant change in model fit
when invariance was imposed on the second-order factor
loadings and thresholds (model 5). To examine response
shift with respect to each SF-36 subscale, we tested the
difference in fit between the no-response shift model and
separate models that sequentially free one of the factor
loadings (reprioritization) or a cross-loading (reconceptu-
alisation). Statistically significant improvement of fit was
observed when the Social Function loading on Physical
Health was allowed to vary over time (reprioritization
response shift) and when cross-loadings were specified for
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Table 3 Relative fit of the response shift analyses models

Model WLSMV > (df) RMSEA (90 % CI) CFI  Comparison model ~WLSMV 42 dif (df, p)

Correlated first-order factor model of SF-36 subscales

Model 1 Unconstrained Model 4,401.5 (2,191) .036 (.035-.038) .97 - n/a

Model 2 No RS Model (constrained)  4,342.4 (2,327) .033 (.032-.035) 97 Model 1 222.8 (136, .000)

Model 3a RS in Bodily pain' 4,332.6 (2,317) .034 (.032-.035) 97 Model 1 15.9 (10, .102)

Model 3b RS in General Health! 4,370.8 (2,303) .034 (.032-.036) 97 Model 1 35.1 (24, .067)

Model 3c RS in Physical Function' 4,347.8 (2,298) .034 (.032-.035) 97 Model 1 52 (29, .005)

Model 3d RS in Role Emotional’ 4,347.8 (2,322) .034 (.032-.035) 97 Model 1 7.0 (5, .224)

Model 3e RS in Role Physical’ 4,353.4 (2,320) .034 (.032-.035) 97 Model 1 2.9 (7, .891)

Model 3f RS in Social Function’ 4,339.4 (2,318) .034 (.032-.035) 97 Model 1 14.2 (9, .116)

Model 3 g RS in Vitality' 4,309.7 (2,304) .034 (.032-.035) 97 Model 1 57.9 (23, .000)

Model 3h RS in Mental Health' 4,352.3 (2,298) .034 (.032-.036) 97 Model 1 45.7 (29, .025)

Model 3i Final RS Model® 4,330.5 (2,244) .035 (.033-.036) 97 Model 2 156.6 (83, .001)
Second-order factor models

Model 4 Unconstrained Model 4,662.9 (2,328) .036 (.034-.037) .96 - n/a

Model 5 No RS Model (constrained)  4,510.1 (2,339) .035 (.033-.036) 97 Model 4 13.1 (11, .29)

Model 6 Final RS Model® 4,505.9 (2,336) .035 (.033-.036) 97 Model 5 14.7 (3, .00)

All analyses are at the item level
df is based on WLSMV estimation

! Invariance tests of thresholds and first-order factor loadings in the corresponding subscale

2 Accommodates response shift in the latent factors for the physical function, vitality, and mental health subscales

3 Accommodates reprioritization response shift in the loading of social function on physical health and reconceptualization response shift in
cross-loadings for the mental health and role emotional subscales (see Fig. 1)

the role emotion subscale at time 1 and the mental health
subscale at time 2 (Model 6 in Table 3). However, the
difference in parameter estimates for this loading at times 1
and 2 was very small; the largest difference in standardized
parameter estimates was for the cross-loading with the
emotional health subscale at time 2, which was .27 (Fig. 1;
unstandardized parameter estimates for the first- and sec-
ond-order factors are reported in Table 4). All other sec-
ond-order loading and cross-loadings were invariant. Thus,
there was no evidence of substantial response shift at the
second-order factor level, except for a small cross-loading
with the mental health subscale, which suggests some
evidence of reconceptualization response shift. There was
no statistically significant differences in the means of the
physical and mental health components across both time
points.

Discussion

A small but statistically significant response shift effect
was identified in the measurement structures of the SF-36
subscales, whereas no substantial response shift was
detected in the second-order factor model. The recalibra-
tion response shift effect in the Physical Health, Vitality,

and Mental Health SF-36 subscales did not, however, have
much consequence on the interpretation of the change in
the factor scores over time. This effect suggests that the
magnitude of the loadings of the items on the subscales
changed over time, but not enough to change the inter-
pretation of change estimates of these subscales over time.
While the impact of response shift was not substantial in
this sample, future research should examine the potential
item-level and composite-level response shift in a popula-
tion where response shift is expected to occur. Given that
individuals provide responses at an item level, we believe
that this more thorough examination of response shift is
more precise from a conceptual perspective (i.e., both the
first- and second-order factor structures are evaluated).
Simulation studies are needed to evaluate the added
response shift detection power that can be derived from
evaluating invariance in a first-order as well as a second-
order factor model.

The Oort approach, initially published in 2005, has now
been applied in several patient populations, and the Oort
method was further expanded in 2009. The main difference
between the modeling approach used in this study as
compared to the Oort approach is that in this study, the SF-
36 subscales were represented as latent factors. Consider-
ing the resulting large number of possible measurement
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model parameters, it was not feasible to examine any
possible response shift with respect to all of the items in
relation to the eight latent factors (the number of possible
cross-loadings would have required testing an exorbitant
number of models). We therefore assumed that the items
would consistently correspond to their respective subscales
(i.e., we did not consider any cross-loadings at the item
level), and we examined response shift for all items cor-
responding to one of the SF-36 subscales at the same time.
This was repeated for each SF-36 subscale. Thus, using this
approach, we accommodated recalibration and reprioriti-
zation response shift at the item level with respect to each
of the SF-36 subscales. The resulting correlated factors
model of the SF-36 subscales, including the tenable con-
straints, formed the basis for our subsequent analyses of the
second-order factor model. The modeling analysis we used
in this study can be improved in future work that further
develops the Oort approach to apply it to the item-level
model that we used in the current study.

Several considerations need to be examined before
applying the Oort approach to a second-order model.
Because a substantially larger number of parameters are
being estimated, consideration is needed as to whether
there is a large enough sample. The standard errors
obtained in our analyses suggest that the sample was large
enough (as evidenced by statistically significant parameter
estimates).

This secondary analysis has several strengths as well as
limitations. The strengths include a substantial sample size
representing four common chronic conditions, many of
whom had co-morbidities. Additionally, the sample repre-
sents a grouping of 33 primary health-care clinics, so the
study findings are likely to be generalizable to the primary
care population.

The limitations of the study are that there was a 25 %
attrition rate in the data on this generic patient-reported
outcome measure and that there were mode differences
between study entry (face-to-face interview) and the
12-month follow-up (phone interview). This mode differ-
ence could lead to differences in item response, which
might look like response shift but not be response shift in
the SEM models. Both of these limitations could lead to
measurement variance and random error, which could
affect the measurement, and structural models being tested
by SEM.

There may also be some unmeasured catalysts, which
may have acted differently across patients with different
chronic disease conditions, such as medication use and
exposure to other psychosocial interventions. In this regard,
it may not be possible to suggest the presence of a minimal
catalyst over the follow-up period of the study. It is also
possible that different effects of response shift may have
occurred among different chronic diseases and that

@ Springer

sociodemographic factors may interact with catalysts to
influence response shift. Thus, the finding of “minimal”
response shift might be due to the inclusion of a mixed
group of subjects in the analyses. Specifically, some sub-
jects had no hospitalization/emergency room visit while
other subjects had hospitalization/emergency room visits.
Ideally, we would have examined response shift in each
individual chronic disease subgroup; however, in this
study, we did not have sufficient power for the model to
conduct subgroup analyses.

Future directions

Future work is needed to assess whether response shift
effects evaluated among individual chronic disease sub-
groups yields similar results as when all subgroups with a
common catalyst (i.e., a change in health) are combined.
Further, additional research is needed to evaluate the
influence of duration of disease on response shift effects in
the presence of a catalyst.

The results of this study suggest only minimal response
shift effects in this primary care sample. We based our
hypothesis of minimal response shift on the relatively small
number proportion of individuals who required hospital-
ized or who had a high frequency of health-care visits. It is
possible, however, that our ability to detect response shift
is limited by the method used. We know that SEM will
only detect response shift effects when a substantial pro-
portion of the sample evidences such effects (e.g., due to a
common catalyst). In addition, although we did not detect
substantial response shift in the overall sample, it is pos-
sible that there are subgroups of individuals in the sample
who may have experienced response shift, and that there
may be potential measured or unmeasured catalysts other
than health-care utilization and co-morbidities that could
have resulted in a response shift. Future work might use
simulation modeling to clarify the proportion of individuals
required to have undergone a response shift for such an
effect to be detectable at a group level by SEM. Studies
that can determine the response shift effect sizes that are
clinically relevant will also be an important area of
exploration.

We evaluated a two-factor second-order model for the
SF-36 based on previous validation of the model. A more
targeted model of health-related quality of life based on the
Wilson and Cleary model [39], for example, may be more
sensitive to response shift detection. Further, we evaluated
response shift over 1 year. A longer time period may be
needed to detect a clinically meaningful response shift.
Future work is needed to identify other potential catalysts
and to measure the time period needed to detect a response
shift among individuals with chronic conditions.
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