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Abstract
A large proportion of oncology outpatients with bone metastasis report unrelieved pain that
significantly interferes with daily functioning and quality of life. However, little is known about
the longitudinal pattern of pain intensity and analgesic prescriptions or use. Moreover, despite
considerable advantages, the use of sophisticated statistical techniques, such as hierarchical linear
modeling (HLM) has not been applied to the study of pain and analgesic outcomes. In a
prospective longitudinal study, HLM was used to explore predictors of pain intensity and
analgesic prescription and intake at the time of enrollment into the study (intercept) and over the
course of 6 weeks (trajectory) in a sample of oncology outpatients with bone metastasis who
received standard care for pain. In addition to corroborating known predictors of pain intensity,
previously unrecognized variables were found that appear to affect both pain and analgesic
outcomes. Importantly, some of the predictors of the trajectories of pain intensity and analgesic
use (i.e., pain-related distress and pain management index (PMI) scores) are particularly amenable
to interventions. Findings from this study suggest that sophisticated statistical modeling can be
used in pain research to identify individual risk factors and propose novel targets that can be used
to improve pain management in oncology outpatients with bone metastasis.
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Introduction
Pain is a significant problem for oncology patients. In fact, the majority of patients with
metastatic cancer experience pain or require analgesic medications on a daily basis [5].
While pain can result from a number of causes, bone metastasis is the most common cause
of cancer pain, occurring in 60% to 84% of patients [26]. More than 70% of patients with
bone metastasis report moderate to severe pain [10;5;42] that has a significant impact on
their functional status and quality of life [34].

Although metastasis to the bone signals disease progression and is associated with pain,
substantial variability exists in the time course of progression and the pain experience,
which is not predicted by the magnitude of bone involvement [26]. Therefore, effective pain
management of these patients requires a multidisciplinary approach that incorporates both
biological and psychosocial processes [10;27]. The identification of factors that influence
this variability and predict the experience of pain across time would provide valuable
information allowing for early detection of high-risk individuals, and potentially leading to
novel therapeutic approaches to pain prevention and management, as well as advocating for
individually tailored treatment.

A consistent theme in the cancer pain literature is inadequate pain management. In fact,
more than a third of patients with moderate to severe pain are prescribed weak or no
analgesics at all [12;42]. The Pain Management Index (PMI) provides a method of
quantifying and evaluating pain treatment, by comparing a patient's worst pain rating with
the most potent analgesic prescribed. Negative scores denote inadequate treatment, while
positive scores conservatively indicate adequate pain treatment [4]. Using this measure, 14%
to 45% of outpatients with metastatic cancer had inadequate pain management [30;5]. This
proportion has steadily increased [30] despite efforts to implement international pain
management guidelines [41]. Although undertreatment of pain is widely reported in the
oncology field, a paucity of research exists on how analgesic prescriptions and analgesic
intake change over time. Studies by our group found that adherence rates to overall
analgesic regimens was 41% to 55% [29;39] identifying lack of adherence as an important
factor that contributes to inadequate pain management in oncology patients. Additionally,
pain levels tend to vary over time [26;14]. However, the identification of individual
characteristics that predict the trajectories of analgesic prescriptions and intake remains
largely unexplored.

In this descriptive longitudinal study, oncology outpatients with bone metastasis who were
receiving standard care for pain management were followed for 6 weeks in order to
determine the trajectories of pain ratings (average and worst) and analgesic prescription and
intake (i.e., Medication Quantification Scores (MQS) prescribed and MQS taken [25],
respectively). The purposes of this study were to determine whether pain intensity and MQS
scores changed over time, and to determine whether these outcome measures displayed
specific trajectories that were predicted by an individual's demographic or clinical
characteristics. Hierarchical linear modeling (HLM), which has considerable advantages
over the standard repeated measures analysis of variance (ANOVA) in terms of its flexibility
and specificity, was used to model individual change across time [3;8].

Methods
Patient Population

This descriptive, longitudinal study was part of a randomized clinical trial (RCT) that
evaluated the effects of a psychoeducational intervention on cancer pain management [28].
For the purposes of this study, the analyses were limited to participants who received
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standard care for pain management, in an effort to depict the “natural” trajectories of pain
and analgesic prescriptions and intake over time. Participants were 88 oncology outpatients,
who were experiencing pain from bone metastasis. Patients were recruited from seven
outpatient settings in Northern California: a university-based cancer center, two community
based oncology practices, one health maintenance organization, one outpatient radiation
therapy center, one veteran's affairs facility, and one military hospital. All participants were
adult oncology outpatients (>18) who were able to read, write, and understand English. All
had Karnofsky Performance Status (KPS) scores [19] of ≥50, average pain intensity scores
of ≥2.5 on a 0 to 10 numeric rating scale (NRS), and radiographic evidence of bone
metastasis. The study was approved by the Human Subjects Committee at the University of
California San Francisco, and at each of the study sites. All patients signed a written
informed consent.

Procedure
Study procedures are described in detail elsewhere [40]. Briefly, patients were approached
in the outpatient setting by a recruitment nurse who explained the study and obtained written
informed consent. Patients were then randomly assigned to either the standard care or
intervention group. At the time of enrollment, patients completed a demographic
questionnaire, the KPS, and 1 week prior to the first study visit patients rated their level of
pain intensity on a daily basis. At the beginning and end of the study, patients’ medical
records were reviewed. Patients in the standard care arm received the patient version of the
Cancer Pain Guideline published by the Agency for Health Care Policy and Research
(AHCPR) [17], and were seen by a research nurse in their homes at weeks 1, 3, and 6.
Telephone interviews were conducted at weeks 2, 4, and 5. The focus of the visits and phone
calls was on monitoring patients’ level of adherence with completion of a pain management
diary. Using the pain management diary, patients were asked to report on their pain
experience and medication intake, on a nightly basis. A separate analysis of this dataset
revealed a 98% adherence rate for completion of the pain management diary [29].

At the initiation of the study, patients completed the Pain Experience Scale (PES), which
consists of 9 (10 mm) visual analog scales that evaluated knowledge about pain and its
management and 4 scales that evaluated various aspects of pain perception. Items that
assessed pain perception included current pain, satisfaction with pain relief, and how
upsetting the pain was to the patient and his or her family caregiver (i.e., pain-related
distress) from “none” to “a great deal”[9]. At enrollment, patients were asked to report the
number of hours per day their cancer-pain currently lasted (range 0 to 24 hours). Measures
of “distress” and “hours per day in pain” at the time of enrollment were used for the
purposes of these analyses.

The nurses assigned to the patients in the standard care group were a different group of
nurses than those who administered the intervention. These nurses received training in how
to obtain informed consent and how to teach the patients to complete the study
questionnaires. The patients in the standard care group did not receive any intervention. The
fidelity of this portion of the study was monitored by having all of the sessions between the
nurses and the patients in the standard care group tape recorded and evaluated by the
principal investigator and project director on an ongoing basis.

Outcome Measures
The primary outcome measures for this study were pain intensity ratings (i.e., average and
worst pain) and quantity of analgesic medications prescribed and taken. To obtain measures
of pain intensity, patients reported average and worst pain intensity at enrollment and
nightly throughout the 6 week study period using a descriptive NRS that ranged from 0 (“no
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pain”) to 10 (“worst pain imaginable”). To determine prescription and intake of analgesic
medications, the research nurse recorded the name, dose, and administration schedule for all
of the prescribed and over-the-counter pain medications. Then, on a daily basis, patients
recorded the time and amount of opioid, nonopioid, and coanalgesic medications taken on an
around-the-clock (ATC) and on an as-needed (i.e., PRN) basis. If a change in the analgesic
prescription occurred, patients were instructed to make the change in their diary. The
research nurse verified the patients’ current pain medication regimen at each study visit and
checked diary entries for completeness.

From this diary information, Medication Quantification Scale (MQS) scores for prescribed
and taken nonopioid, opioid, and adjuvant analgesics medications were calculated using the
method described by Masters Steedman et al.[25]. The MQS provides a method of
quantifying analgesic use by multiplying detriment weights applied to each medication by
the medication dosage level. Individual scores for each medication were summed to create a
quantitative index of total analgesic medications prescribed (MQS prescribed) and taken
(MQS taken), that were amenable to statistical analyses.

Data Analysis
Descriptive statistics and frequency distributions were generated on the sample
characteristics using SPSS™ Version 18.0. HLM, based on full maximum likelihood
estimation, was done using the software developed by Raudenbush and colleagues [32]. The
repeated measures of pain and MQS scores were conceptualized as being nested within
individuals. Compared with other methods of analyzing change, HLM has two major
advantages. First, HLM can accommodate unbalanced designs which allows for the analysis
of data when the number and the spacing of the assessments vary across respondents.
Although every patient was to be assessed on a pre-specified schedule, the actual number of
assessments was not necessarily the same for all of the patients due to simple scheduling
conflicts or the wellness of the participant. Second, HLM has the ability to model individual
change, which helps to more accurately identify complex patterns of change that are often
averaged and therefore overlooked by other methods [33;32].

With HLM, the repeated measures of the outcome variables (i.e., pain and MQS) are nested
within individuals and the analysis of change in pain and MQS scores has two levels: within
persons (intra-individual; Level 1) and between persons (inter-individual; Level 2). At
Level 1, the outcome is conceptualized as varying within individuals and is a function of
person-specific change parameters plus error. At Level 2, these person-specific change
parameters are multivariate outcomes that vary across individuals. These Level 2 outcomes
can be modeled as a function of demographic or clinical characteristics that vary between
individuals, plus an error associated with the individual. Combining Level 1 with Level 2
results in a mixed model with fixed and random effects [32;24;23].

Four separate HLM analyses were done to evaluate changes over time in average pain, worst
pain, MQS-prescribed, and MQS-taken scores. Each HLM analysis proceeded in two stages.
At Level 1, intra-individual variability in the outcome measure over time was examined.
Time in days, refers to the length of time from the enrollment visit to completion of the
study six weeks later (i.e., 42 days). Three Level 1 models, which represented that the
patients’ pain or MQS levels (a) did not change over time (i.e., no time effect), (b) changed
at a constant rate (i.e., linear time effect), and (c) changed at a rate that accelerates or
decelerates over time (i.e., quadratic effect) were compared. At this point, the Level 2 model
was constrained to be unconditional (i.e., no predictors) and likelihood ratio tests were used
to determine the best model. These analyses answered the first research aim and identified
the change parameters that best described individual changes in the outcome measures over
time.
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Level 2 of the HLM analysis, which addressed the second research aim, examined inter-
individual differences in the trajectories of the outcome measures by modeling the
individual change parameters (i.e., intercept and linear slopes) as a function of proposed
predictors.. These exploratory analyses were conducted using the potential predictors listed
in Tables 1 and 2. For this type of analysis, intercepts and slopes vary across individuals and
are therefore random effects at Level 2. An unstructured covariance matrix was used for the
random intercepts and slopes. To improve estimation efficiency and construct a model that
was parsimonious, an exploratory Level 2 analysis was done in which each potential
predictor was assessed to see if it would result in a better fitting model if it alone was added
as a Level 2 predictor. Predictors with a t-value of < 2.0, which indicates a lack of a
significant effect, were dropped from subsequent model testing [32]. All of the potentially
significant predictors from the exploratory analyses were entered into the model to predict
each individual change parameter. Only predictors that maintained a significant contribution
in conjunction with other variables were retained in the final model. A p-value of < 0.05
indicates statistical significance. Readers are referred to a few basic references additional
information on the use of HLM for longitudinal research[36;16].

Results
Patient Characteristics

The demographic, disease, and treatment characteristics of the 88 patients are presented in
Table 3. Patients were approximately 59 years old, primarily female (74%), white (89%),
well-educated (14.7 years), and had a mean KPS score of 71.5 (±12.06).

Individual and Mean Change in Outcome Measures
The Level 1 HLM analyses examined how each of the outcome measures (i.e., average and
worst pain, and MQS-prescribed and taken) changed over the course of the 6 week study
period. Two models were estimated in which the function of time was linear and quadratic.
Because the final estimate of fixed effects revealed that quadratic terms had no significant
effect, all outcome measures were fit to a linear model. It should be noted that the mean
scores for the various groups depicted in all of the figures are estimated or predicted means
based on the HLM analyses.

Average Pain—The estimates of the linear change model are presented in Table 4
(unconditional model). Because the model has no covariates (i.e., unconditional), the
intercept represents the estimated amount of average pain (i.e., 3.67 on a 0 to 10 scale) at the
time of the initial visit. The estimated linear rate of change in average pain was 0.003 (ns).
Figure 1A displays the trajectory for average pain over the course of 6 weeks. According to
the unconditional model, although pain persisted throughout the study, ratings of average
pain did not change significantly across the study period.

Worst Pain—As shown in Table 4, in the unconditional model, the intercept represents the
estimated amount of worst pain (i.e., 5.18) at the time of the initial visit. The estimated
linear rate of change in worst pain was -0.004 (ns). Figure 1B displays the trajectory for
worst pain over the course of 6 weeks. According to the unconditional model, although pain
persisted throughout the study, worst pain ratings did not change significantly over time.

MQS Prescribed—The estimates of the linear change model are presented in Table 5
(unconditional model). Because the model has no covariates (i.e., unconditional), the
intercept represents the estimated MQS score for prescribed analgesics (i.e., 25.537) at the
time of the initial study visit. The estimated linear rate of change in MQS-prescribed was
0.196 (p < 0.001). Figure 1C displays the trajectory for MQS-prescribed over the course of 6
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weeks. According to the unconditional model, MQS scores for analgesic prescriptions
increased steadily over time.

MQS Taken—As shown in Table 5, in the unconditional model, the intercept represents
the estimated MQS score for consumed analgesic medication (i.e., 14.221) at the time of the
initial visit. The estimated linear rate of change in MQS-taken was 0.088 (p < 0.05). Figure
2A displays the trajectory for MQS-taken the over the course of the 6 weeks. According to
the unconditional model, MQS scores for analgesic intake increased steadily over time, but
with a slope about half of that of analgesics prescribed.

Although the results indicate a sample-wide lack of change in average and worst pain
ratings, and a sample-wide increase in MQS prescribed and taken scores over time, they do
not imply that all patients exhibited the same trajectories. The variance in individual change
parameters estimated by the models (see “Variance Components”, Tables 4 and 5) suggested
substantial inter-individual differences in the intercept and trajectories of the outcome
measures. Spaghetti plots, that were used to visualize individual trajectories of random
subsets of patients (Fig. 1C, 1D, 2B, and 2C), further demonstrated significant variability in
pain and analgesic outcomes. Therefore, further examination of inter-individual differences
in the individual change parameters was warranted.

Inter-individual Differences in the Trajectories of Outcome Measures
The Level 2 HLM analyses tested the hypothesis that the trajectories of the outcome
measures varied based on specific person, disease, treatment, and/or symptom variables that
were found to influence the various outcome measures (Tables 1 and 2). To improve
estimation efficiency and construct models that were parsimonious, exploratory Level 2
analyses were done in which each potential predictor was assessed to see if it would result in
a better fitting model if it alone was added as a Level 2 predictor. Predictors with a t-value
of < 2.0, indicating lack of a significant effect, were dropped from subsequent model testing.
All of the significant predictors from the exploratory analyses (marked in Tables 1 and 2 by
filled squares) were entered into the models to predict each individual change parameter.
Only predictors that maintained a significant contribution in conjunction with other variables
were retained in the final models. For all outcome measures, differences were calculated
based on 1 standard deviation (SD) above (e.g., high education) and below (e.g., low
education) the mean score for that predictor variable.

Average Pain—As shown in the final model in Table 4, five variables predicted inter-
individual differences in the intercept for average pain: education, distress, hours per day in
pain, satisfaction with pain relief, and PMI scores. The variables that predicted inter-
individual differences in the slope parameters for average pain were distress and hours per
day in pain. Although not a significant predictor, baseline average pain was entered into the
final model in order to account for differences in average pain ratings at baseline, such that
individual differences in trajectories would not be influenced by individual differences in
baseline average pain ratings.

To illustrate the effects of each of these predictors on patients’ trajectories of average pain,
Figure 3 displays the adjusted change curves for average pain that were estimated based on
differences in the significant predictors reported above. In brief, patients with decreasing
levels of education, higher levels of distress, higher number of hours per day in pain, lower
satisfaction with relief, and lower PMI scores reported increased levels of average pain at
baseline. Patients with higher distress and higher number of hours per day in pain reported
decreases in average pain scores over the 6 weeks of the study.
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Worst Pain—As shown in the final model in Table 4, the four variables that predicted
inter-individual differences in the intercept for worst pain were distress, pain knowledge at
baseline, total time in pain, and PMI scores. The variable that predicted inter-individual
differences in the slope parameters for worst pain was distress at baseline. As was done for
average pain, baseline worst pain was entered into the final model in order to account for
differences in worst pain at baseline.

Figure 4 displays the adjusted change curves for worst pain that were estimated based on
differences in the significant predictors reported above. Patients with greater distress, lower
pain knowledge, longer total time in pain, and lower PMI scores reported relatively higher
levels of worst pain at baseline. Those patients with higher levels of baseline distress
reported decreases in worst pain over time.

MQS Prescribed—As shown in the final model in Table 5, the three variables that
predicted inter-individual differences in the intercept for prescribed medication scores were
age, KPS, and distress. The variable that predicted inter-individual differences in the slope
parameter was worst pain at baseline. Figure 5 displays the adjusted change curves that
were estimated based on differences in the significant predictors reported above. Participants
who were younger, had lower KPS scores, and higher levels of distress had higher MQS
scores at baseline, which increased steadily over time. Patients with higher ratings of worst
pain at baseline displayed a steeper trajectory of increasing MQS scores for prescribed
medications over time.

MQS Taken—As shown in the final model in Table 5, the two variables that predicted
inter-individual differences in the intercept for medication scores taken were distress and
hours per day in pain. The variable that predicted inter-individual differences in the slope
parameter was gender. Figure 6 displays the adjusted change curves that were estimated
based on differences in these predictors. Participants with higher levels of distress and
higher number of hours per day in pain consumed more analgesic medication at baseline,
which increased steadily over time. Despite no initial baseline differences, male patients
displayed an increase in analgesic consumption over time, while female patients did not
change over time.

Discussion
This study is the first to use HLM to model individual trajectories in pain and analgesic
outcomes. While initial analyses found that oncology outpatients with metastatic bone pain
experienced no sample-wide changes in pain intensity, variance components suggested
substantial inter-individual variability in average and worst pain, which allowed for testing
of predictors. In contrast, quantity of analgesic medications prescribed and taken exhibited
sample-wide increases over the course of the study, and testing of predictors improved both
models.

Changes in Pain Intensity
While increases in average and worst pain are expected in the setting of bone metastasis
[26;14], both pain intensity ratings remained at approximately 3.7 and 5.2 across 6 weeks.
The lack of increase in pain intensity scores may be related to the relatively short study
duration. Alternatively, patients may have benefited from keeping a daily pain diary [35],
which may have modified pain management strategies (as indicated by increasing analgesic
prescriptions and intake), thus preventing pain intensity scores from increasing [28]. Finally,
substantial individual variability in these patients’ experience of pain was revealed using the
more complex HLM analyses.
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It is not surprising that a somewhat distinct set of predictors were identified for average and
worst pain, as they reflect different dimensions of the pain experience and have differential
effects on function and quality of life [15]. Distinct predictors of average pain scores at
enrollment included education, hours per day in pain, and satisfaction with pain relief. In a
large community sample, education strongly predicted average pain in a similar direction,
with lower levels of education associated with higher average pain scores [21]. Because
average pain reflects pain experienced throughout the day, it is not surprising that patients
who reported pain for longer periods on a daily basis reported higher scores. Nor is it
surprising that patients who were more satisfied with pain relief reported lower scores at
enrollment as it suggests their pain was more effectively managed. However, this finding
contrasts with previous studies that reported high satisfaction scores in paitens with severe
pain [6;7;18]. Hours per day in pain also predicted the trajectory of average pain ratings,
such that patients who initially experienced more hours per day in pain reported a slight
reduction in average pain scores, while patients who experienced fewer hours of pain per
day reported a slight increase in average pain scores over 6 weeks. Although interesting,
these trends were modest and likely not clinically meaningful.

Distinct predictors of higher worst pain scores at enrollment included lower pain-related
knowledge scores and longer total time in pain. Knowledge about pain and analgesia is a
factor ripe for intervention. In fact, participants in the psychoeducational intervention arm of
this study showed a significant increase in pain knowledge [20] and a corresponding
reduction in worst pain intensity over the course of the study [28]. In terms of total time in
pain, over 55% of the patients in this study were in pain for over 7 months [28]. These
patients’ higher worst pain scores may reflect more severe disease and/or tolerance to
analgesic medications. This finding warrants further investigation.

Two variables significantly predicted both average and worst pain scores at enrollment: PMI
scores (-0.55 ± 0.909) and pain-related distress (6.416 ± 3.131). Not surprisingly, lower PMI
scores (indicative of inadequate pain management) were associated with increased pain
intensity ratings at enrollment. This finding corroborates research detailing the
undertreatment of cancer pain and further highlights the importance of prescribing
appropriate analgesic medications based on pain severity ratings [1;27]. Of note, this factor
is amenable to intervention, as suggested by current cancer pain guidelines that emphasize
the titration of analgesic medications based on pain severity [13].

Patients with greater levels of distress reported significantly higher average and worst pain
scores than patients with lower levels of distress at enrollment. This finding stresses the
important relationship between psychological processes and pain, and lends credence to a
biopsychosocial framework of the study and treatment of pain. It also suggests that the
affective component of the pain experience can predict the subjective sensation of pain,
despite evidence that such components are differentiable [31]. Moreover, this finding
proposes that interventions aimed at reducing pain-related distress, such as cognitive
behavior therapy (CBT), hypnosis, or relaxation, may effectively reduce pain perception in
these patients. Although such techniques are recommended for the treatment of cancer pain,
substantial variability exists in patients’ responses to these interventions [22]. Using HLM, a
group of patients was identified for whom pain-related distress was a significant problem.
These patients comprise a subset of individuals who may be most responsive to such
interventions.

Unexpectedly, patients with higher levels of distress at enrollment reported a reduction in
pain intensity, while patients with lower levels of distress reported an increase in pain
intensity over 6 weeks. It is plausible that patients with higher distress at enrollment
displayed a response shift. They may have adapted to living with pain, accepted pain as a
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permanent part of their lives, and reported pain intensity accordingly [38]. Nonetheless, this
rationale does not explain the increasing trajectory of pain intensity ratings in patients with
low levels of distress initially. Perhaps this subset of patients was at an early stage in the
disease process, and increasing pain intensity scores over the 6 weeks reflect disease
progression. However, interestingly, there was no significant effect of disease characteristics
on sample-wide pain outcomes, nor was there any correlation between degree of metastasis
(i.e., number of metastatic sites) and pain-related distress at baseline (data not shown). This
counterintuitive finding warrants further inquiry.

Changes in Analgesic Medications Prescribed and Taken
The quantity of medications prescribed was significantly and consistently higher than the
quantity of medications taken, thus reinforcing the notion that a lack of adherence poses a
significant barrier to adequate pain management [29]. Because these analyses included PRN
medication, it is ppossible that the discrepancy between analgesics prescribed and taken may
also reflect well controlled pain. However, a separate analysis suggests that the majority of
these patients were experiencing moderate to severe pain and not adhering to their analgesic
regimen [29]. Moreover, significant sample-wide increases in the amount of analgesic
medications prescribed and taken were observed, which may be due to development of new
pain management strategies, as discussed above.

Distinct predictors of analgesics prescribed at enrollment included age and KPS scores.
Specifically, younger patients and patients with lower KPS scores were prescribed
significantly more analgesic medication at the time of enrollment and throughout the study.
Although worst pain did not predict the analgesic prescription at enrollment, worst pain
scores significantly predicted the trajectory, with patients who reported higher worst pain
displaying a sharper increase in prescriptions over the course of the study. This trend may
reflect communication of patients’ worsening pain to their health care providers.

Hours per day in pain was a distinct predictor of analgesic medications taken at the time of
enrollment, with longer time per day in pain predicting an increase in analgesic medications
taken at enrollment and throughout the study. Gender was a significant predictor of the
trajectory of medications taken, with males exhibiting a steeper increase in analgesic intake
over 6 weeks. At least in the context of more potent analgesic medications, this finding may
reflect higher efficacy of opioids in females than males [11].

As was true for pain intensity, pain-related distress was a significant predictor of both
analgesic outcomes, with higher levels of baseline distress predicting greater quantities of
analgesic medications prescribed and taken at baseline and over the course of the study. The
fact that distress was identified as such a ubiquitous predictor of pain and analgesic
outcomes strongly suggests that it is a prime target for therapeutic intervention in this
population, and warrants further assessment.

Limitations
Some limitations of the study should be noted. The patient sample was fairly homogeneous,
primarily comprising white, well-educated, and female patients, thus limiting the
generalizability of our findings. Moreover, one of the major causes of pain in this sample
was bone metastasis. It will be interesting to investigate trajectories of pain and analgesic
outcomes in patients with treatment-related pain, such as chemotherapy-induced neuropathy.
In addition, the use of bisphosphonates, which effectively reduces pain in patients with bone
metastasis, was not evaluated [2]. Finally, although the predictors listed in Tables 1 and 2
are fairly comprehensive, they do not comprise an exhaustive list; therefore, other variables
may have had an effect on the trajectories of pain and analgesia in this sample.
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The Use of HLM in Pain Research
This paper highlights the important applicability of sophisticated statistical modeling
techniques to longitudinal pain research. By employing HLM, we were able to identify and
model the effects of predictors of individual change in pain and analgesic outcomes at the
time of enrollment, and across the study period. HLM has rarely been applied to the study of
pain, despite its powerful advantages. In addition to its flexibility and ability to model
individual change, HLM is sensitive to clinically significant change [37], in that distinct
trajectories are classified in a meaningful way (i.e., one standard deviation above or below
the mean). Pain has been established as a highly subjective and idiosyncratic experience
importantly influenced by a myriad of biopsychosocial factors. This individual variability in
the perception of pain is therefore expected, but rarely accounted for in the field. This failure
to appreciate inter-individual variability is unfortunate and can mask important patterns in
the data that are specific to a particular subset of individuals. Finally, predictive variables
identified by HLM analyses may represent important risk factors, and indicate important
targets for intervention.
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Figure 1.
Trajectories of average (A) and worst (B) pain scores using an unconditional model. A
random selection (N = 10) of individual trajectories of average (C) and worst (D) pain scores
across the 6 week study period.

Langford et al. Page 13

J Pain. Author manuscript; available in PMC 2012 April 1.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Figure 2.
Trajectories of the quantity of medications prescribed and taken using an unconditional
model. The entire sample (N = 88) of individual trajectories of analgesics prescribed (B) and
taken (C) across the 6 week study period.
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Figure 3.
Trajectories of average pain scores by (A) education, (B) distress, (C) hours per day in pain,
(D) satisfaction with pain relief, and (E) PMI score at the time of enrollment. Higher/lower
differences were calculated based on 1 standard deviation above/below the mean.
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Figure 4.
Trajectories of worst pain scores by distress (A), pain knowledge (B), total time in pain (C),
and PMI score (D) at the time of enrollment. Higher/lower differences were calculated based
on 1 standard deviation above/below the mean.
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Figure 5.
Trajectories of MQS scores for analgesics prescribed by age (A), KPS score (B), distress
(C), and worst pain (D) at the time of enrollment. Higher/lower differences were calculated
based on 1 standard deviation above/below the mean.
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Figure 6.
Trajectories of MQS scores for consumed analgesics by distress (A), hours per day in pain
(B), and gender (C). Higher/lower differences were calculated based on 1 standard deviation
above/below the mean.
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Table 1

Variables identified from exploratory analyses as potential predictors of average and worst pain, based on t-
values ≥ |2.00|, indicated by filled boxes (■) for standard care group.

Variable Average Pain Worst Pain

Intercept Trajectory Intercept Trajectory

Demographic/Clinical

Gender

Ethnicity

Age

Living Alone

Married/Partnered

Education ■

Employment

Karnofsky Performance

Pain Characteristics

Pain duration ■

Baseline average daily pain

Baseline pain at its worst

Baseline pain at its least

Current average daily pain

Current pain at its worst

Current pain at its least

Hours of day pain lasts ■ ■

% Pain relief in last week ■

PMI Score ■ ■

Pain upsetting to patient (Distress) ■ ■ ■ ■

Pain upsetting to caregiver ■ ■

Pain knowledge at baseline ■ ■

Change in knowledge

Confident to manage pain

Motivated to take meds

Satisfied with relief ■

Associated Symptoms

Tension

Depression

Anger

Vigor

Fatigue

Confusion

Total mood disturbance
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Table 2

Variables identified from exploratory analyses as potential predictors of pain medications prescribed and
taken, based on t-values ≥ |2.00|, indicated by filled boxes (■) for standard care group.

Variable Prescribed Taken

Intercept Linear Intercept Linear

Demographic/Clinical

Gender

Ethnicity

Age

Living Alone

Married/Partnered

Education

Employment

Karnofsky Performance ■

Pain Characteristics

Pain duration

Baseline average daily pain

Baseline pain at its worst

Baseline pain at its least

Current average daily pain

Current pain at its worst

Current pain at its least

Hours of day pain lasts

% Pain relief in last week

PMI Score ■

Pain upsetting to patient (Distress) ■

Pain upsetting to caregiver

Pain knowledge at baseline ■ ■

Change in knowledge ■

Confident to manage pain

Motivated to take meds

Satisfied with relief

Associated Symptoms

Tension ■

Depression ■

Anger ■

Vigor

Fatigue

Confusion

Total mood disturbance ■

SF-36 Mental Component ■
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Table 3

Demographic and disease characteristics of the patients (N = 88)

Characteristic Mean (SD)

Age (years) 59.1 (13.1)

Education (years) 14.7 (3.3)

KPS 71.5 (12.1)

Sex %

    Male 26.1

    Female 73.9

Lives Alone 20.5

Marital Status

    Married/partnered 65.9

    Other 34.1

Ethnicity

    White 88.6

    Other 11.4

Employment

    Employed 25.0

    Other 75.0

Diagnosis

    Breast 51.7

    Prostate 12.6

    Lung 14.9

    Other 20.6

Current Therapy

    Chemotherapy 44.8

    Hormonal therapy 31.0

    Radiation therapy 14.9

    Biotherapy 1.1

    No treatment 15.3
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Table 4

Hierarchical linear models of average and worst pain scores.

Average Pain Coefficient (SE)

Variable Unconditional Model Final Model

Fixed Effects

    Intercept 3.674 (0.176)b 3.675 (0.128)b

            Timea (linear rate of change) 0.003 (0.005) 0.003 (0.005)

Time invariant covariates

    Intercept

        Education -0.109 (0.037)b

        Distress 0.214 (0.043)b

        Hours per day in pain 0.059 (0.017)b

        Satisfaction with pain relief -0.128 (0.050)c

        PMI -0.536 (0.135)b

    Linear

        Distress × time -0.004 (0.002)c

        Hours per day in pain × time -0.002 (0.001)c

        Baseline average pain × time 0.005 (0.003)

Variance Components

    In intercept 2.603b 1.318b

    In linear rate 0.002b 0.002b

Goodness-of-fit deviance (parameters estimated) 11569.628 (6) 11507.978 (14)

Model Comparison (χ2 [df]) 61.650 (8)c

Worst Pain Coefficient (SE)

Variable Unconditional Model Final Model

Fixed Effects

    Intercept 5.175 (0.220)b 5.177 (0.166)b

            Timea (linear rate of change) -0.004 (0.006) -0.004 (0.006)

Time invariant covariates

    Intercept

        Distress 0.313 (0.055)b

        Pain knowledge -0.030 (0.010)c

        Total time in pain 0.356 (0.119)c

        PMI -0.579 (0.165)b

    Linear

        Distress × time -0.006 (0.002)c

        Baseline worst pain × time 0.004 (0.003)

Variance Components
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Worst Pain Coefficient (SE)

Variable Unconditional Model Final Model

    In intercept 4.097b 2.249b

    In linear rate 0.003b 0.003b

Goodness-of-fit deviance (parameters estimated) 12554.329 (6) 12497.442 (12)

Model Comparison (χ2 [df]) 56.887 (6)c

Abbreviation: PMI = Pain Medication Index

a
Time was coded 0 at the time of the initial visit.

b
p < 0.001

c
p < 0.05
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Table 5

Hierarchical linear models of the quantity of analgesic medications prescribed and taken.

Medications Prescribed Coefficient (SE)

Variable Unconditional Model Final Model

Fixed Effects

    Intercept 25.537 (2.448)b 25.419 (2.107)b

            Timea (linear rate of change) 0.196 (0.047)b 0.196 (0.046)b

Time invariant covariates

    Intercept

        Age -0.447 (0.160)c

        Baseline Karnofsky score -0.672 (0.175)b

        Distress 1.96 (0.695)c

    Linear

        Baseline worst pain × time 0.042 (0.019)c

Variance Components

    In intercept 511.799b 378.308b

    In linear rate 0179b 0.169b

Goodness-of-fit deviance (parameters estimated) 18696.642 (6) 18666.397 (10)

Model Comparison (χ2 [df]) 30.245 (4)b

Medications Taken Coefficient (SE)

Variable Unconditional Model Final Model

Fixed Effects

    Intercept 14.221 (1.581)b 14.088 (1.464)b

            Timea (linear rate of change) 0.088 (0.036)b 0.216 (0.067)b

Time invariant covariates

    Intercept

        Distress 1.337 (0.480)b

        Hours per day in pain 0.530 (0.223)b

    Linear

        Gender × time -0.174 (0.078)b

Variance Components

    In intercept 212.936b 182.048b

    In linear rate 0.101b 0.095b

Goodness-of-fit deviance (parameters estimated) 17259.659 (6) 17242.047 (9)

Model Comparison (χ2 [df]) 17.612 (3)b

a
Time was coded 0 at the time of the initial visit.

b
p < 0.001

c
p < 0.05
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