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Abstract
Pain care for hospitalized patients is often suboptimal. Representing pain scores as a graphical trajectory may provide insights into
the understanding and treatment of pain. We describe a 1-year, retrospective, observational study to characterize pain trajectories
of hospitalized adults during the first 48 hours after admission at an urban academic medical center. Using a subgroup of patients
who presented with significant pain (pain score .4; n5 7762 encounters), we characterized pain trajectories and measured area
under the curve, slope of the trajectory for the first 2 hours after admission, and pain intensity at plateau. We used mixed-effects
regression to assess the association between pain score and sociodemographics (age, race, and gender), pain medication orders
(opioids, nonopioids, and no medications), and medical service (obstetrics, psychiatry, surgery, sickle cell, intensive care unit, and
medicine). K-means clustering was used to identify patient subgroups with similar trajectories. Trajectories showed differences
based on race, gender, service, and initial pain score. Patients presumed to have dissimilar pain experiences (eg, sickle vs
obstetrical) had markedly different pain trajectories. Patients with higher initial pain had a more rapid reduction during their first 2
hours of treatment. Pain reduction achieved in the 48 hours after admission was approximately 50% of the initial pain, regardless of
the initial pain. Most patients’ pain failed to fully resolve, plateauing at a pain score of 4 or greater. Visualizing pain scores as graphical
trajectories illustrates the dynamic variability in pain, highlighting pain responses over a period of observation, and may yield new
insights for quality improvement and research.

Keywords: Pain score, Trajectory, Quality improvement, Hospital

1. Introduction

Hospitalized patients often experience pain. Barriers to optimal
pain care include patient factors (eg, reluctance to report pain,
fear of addiction), physician factors (eg, fear of overdose,
addiction, distrust of subjective data, lawsuits), health system

issues (eg, low priority, opiate policies), and inadequate pain
assessment.16,18–20 Clinical guidelines have not improved pain

care.16,19,20 This is primarily because translation of guidelines into

practice has been affected by poor implementation leading to
unintended consequences including oversedation.24 In a 22-site

collaborative, the accuracy of pain assessment, presence of

a care plan, and pain care education were associated with only

modest declines in the percentage of patients reportingmoderate

or severe pain (from 24% to 17%).6 Additionally, the Center for

Medicare and Medicaid Services reports that only 71% of

hospitalized patients reported that their pain was “always well
controlled.”1

The experience of pain during hospitalization is dynamic,
affected by a host of factors including the nature of the illness or

injury, genetics, sociodemographic characteristics, mood, fa-

tigue, and previous and current drug therapy. Although pain

scores are often thought to be an important clinical outcome,

research has shown that they are highly individualized4,9 and are
often confounded by emotional rather than sensory responses to

pain.5 As a result, there is variability in pain measurement and

understanding, and little direct connection between increased

measurement of pain and improved pain outcomes.2

One potential technique for contextualizing a patient’s
pain during hospitalization is to represent it as a trajectory. A

pain trajectory is a graphical representation of a patient’s pain
scores over an observation period.2–4,23 Compared with

a single pain score, trajectories represent a patient’s pain

experience over an episode of care and draw attention to speed
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of onset of initial pain relief, stability of pain relief, and overall
amount of pain relief achieved.

Much of the prior research on pain trajectories has focused on
specific subpopulations (eg, postoperative patients). Studies
used self-reported pain to describe the directionality and trends in
pain intensity (ie, increase, decrease, and no change),2,3 long-
term pain trajectories among adolescents,10 and effects of
exercise interventions on pain.23 Here, we characterize pain
trajectories among a cohort of adult inpatients—a group large
and diverse enough to illustrate significant variation in the
experience of pain.

As part of a larger study on the safe and effective use of opioids
for medical inpatients, we sought to examine the usefulness of
pain trajectories as a method for characterizing the experience of
pain among hospitalized adults. We sought to answer the
following questions:
1. What is the functional form of the pain score trajectories?
a. How rapidly does pain relief occur?
b. Does the pain score stabilize?When and at what level does this
stabilization occur?

2. Are there discernible types of trajectories corresponding to
clusters of patients with similar pain experiences during
hospitalization?

3. How do trajectories vary as a function of age, gender, race/
ethnicity, initial pain score, and medical service?

2. Methods

2.1. Setting and participants

This study was conducted at the University of Illinois Hospital
(UIH). University of Illinois Hospital and Health Science System is
a 495-bed tertiary, urban academic medical center that includes
an emergency department (ED) and 23 primary and specialty care
clinics. In fiscal year 2015, UIH had approximately 47,000 ED
visits, 20,000 hospitalizations, and 7000 inpatient surgeries. The
adjusted mean length of stay was 5.7 days.

At the hospital, the nursing staff recorded the pain of
hospitalized patients using the numerical rating scale (a 11-
point scale ranging from 0 to 10). This assessment was
performed at discrete but irregular time intervals. Pain scores
were saved in the patient’s medical record with a timestamp. All
adult patients (aged 18-89 years) presenting with an initial pain
score.4, admitted and discharged fromUIHbetween January 1,
2014 and December 31, 2014 were included. Using the
hospital’s enterprise data warehouse, we obtained age, race,
gender, medical service, subsequent pain scores and times, and
all medication orders. The institutional review board of the
University of Illinois at Chicago approved the study.

2.2. Data analysis

2.2.1. Data preparation

Patients presenting with significant pain (pain score .4) were
included. Significant pain was defined as pain severe enough to
limit functioning, determined to be between 5 and 10.6,21 A recent
literature review also suggests that a score between 5 and 10
generally represents moderate to severe pain.25

Before data analysis, we performed several transformations.
Medication orders placed for each patient were grouped into 1 of
the 3 categories: (1) not having received an order for an analgesic
(“no medications”), (2) only nonopioid analgesics (“nonopioids”),
or (3) any opioid analgesic (“opioid”). Patients in category (3) may
have received additional nonopioid analgesia. Based on a list of

unique medications that were ordered for patients in our cohort,
1 reviewer (WLG) classified the analgesics into opioids or
nonopioids (n 5 328 unique medications). This classification
was based on evaluating whether an analgesic contained an
opioid or not. Mixed analgesics (eg, Vicodin) were classified as
containing opioid, hence grouped under the “opioid” category.

Next, we organized data fromeach patient encounter, sorting it
chronologically by time of pain score entry, with the time of the
initial pain score recording denoted as time zero. The time of each
additional pain scorewas recorded as the time elapsed since time
zero, until the predetermined cut-off value of 48 hours was
reached. We had 2 reasons for using a 48-hour observation
window. First, we were interested in the acute period that
followed immediately after admission. As such, the 48-hour
window provided opportunities to investigate a period of rapid
(and significant) changes in the pain intensity due to immediate
and focused treatment. Second, we specifically focused on the
pain-related event that may have brought the patient to the
hospital. Although using extended time periods (eg, until
discharge) may be useful, it also may introduce new events (eg,
surgical procedures) that can create variations in the pain
trajectory.

The decision to use time of first pain measurement as time
zero, instead of time of admission, was based on the need for
a logical and unambiguous starting time for the pain trajectory.
Other choices for time zero were administrative, based on when
orders are placed, beds are found, or the ED makes a triage
decision. Patients unable to give a pain assessment (eg, sedation,
paralysis, or intubation) were excluded, as it would be unclear
whether they were admitted with pain. Additionally, if a patient
was admitted to the hospital from the ED and met our inclusion
criteria, then all preceding pain scores were included for analysis.
Finally, we used the discharge service to denote the patient’s
location of service. For example, if a patient was admitted through
the ED and transferred to a medical intensive care unit then
discharged from the general medicine floor unit, the location for
that patient encounter was categorized as general medicine.

We removed all spurious values before the main analysis (pain
scores.10, negative values; comprising,0.5% of the data set).
We performed preliminary data processing using R (www.
r-project.org). We used a smoothed, rolling mean fitting function
provided by the ggplot2 package in R to represent the observed
pain trajectories graphically. This smoothing function relies on
a locally weighted scatter plot smoothing approach.8

2.2.2. Statistical analysis plan

We computed descriptive statistics and then estimated mixed-
effects regression models of the pain trajectories.2,4,23 The
dependent variable in these models was the pain score, and the
independent variables were time, patient characteristics, medical
service, and medication orders.

Mixed-effects regression provides an effective mechanism for
measuring time-varying longitudinal phenomena, as these
models include “random effects” that account for the correlation
among repeated assessments of the same participants.15 The
individual random effects capture how an individual patient’s
trajectory deviates from the mean trajectory.

There are several advantages of using mixed-effects re-
gression modeling for analysis of pain trajectories: first, since
these are regression models, time is considered to be a contin-
uous function, evaluated at discrete points, and therefore the
number of longitudinal measurements for each patient does not
have to be the same, nor do they have to be evaluated at the
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similar intervals.13,15 In our case, the number of pain score
measurements (M 5 13.45, SD 5 6.85), and the intervals of
measurements over the 48-hour period varied across patients.
These variations were likely based on the medical service or
specific conditions of the patient. Second, mixed-effects models
allow for investigating the effects of both time-invariant (eg,
gender, race) and time-varying covariates on changes in pain
intensity. Third, andmost importantly for our study, as opposed to
traditional methods, mixed-effects models estimate and quantify
each individual’s variation from the mean. In our case, this was

based on an empirical Bayes (EB) estimation.15 These individual
variations can then be analyzed to identify subgroups of patients
who vary from the mean trajectory in similar ways. Other reported
studies on pain trajectories have used similar models.2,4,23

We also investigated the effects of several covariates, including
patient demographic characteristics, service locations, and
analgesia orders on the shape of pain trajectories. We applied
an analytic approach developed by Gibbons et al.12 for modeling
time-varying longitudinal phenomena. This included 3 steps: (1) fit
a mixed-effects polynomial regression model to the pain score
data, (2) generate EB estimates for each polynomial coefficient for
each patient, and (3) cluster the EB estimates corresponding to
each patient to identify sub sets of patients with similar pain
trajectories.

The first step involved fitting a mixed-effects regression model
to the pain scores. Similar to Gibbons et al.,12 we used a third-
degree polynomial function of time to model the shape of the
overall pain trajectory. The 4 coefficients (constant, linear,
quadratic, and cubic) of the third-degree polynomial were treated
as random effects. The population parameters were estimated
using maximum marginal likelihood estimation. These estimates
were then used to generate the EB estimates for the pain
trajectory for each patient in our data set.12 Additionally, to
understand the factors that affected the slope of the trajectory,
we also included interactions of time with gender, age, race, and
medical service.

In the second step, we used the EB estimates for the model
coefficients for each patient. The EB estimates can be used to
derive each patient’s variation from the mean pain score
trajectory, and adding the estimated mean coefficients (ie,
fixed-effects) provides an individual’s personal pain trajectory.
For each patient, EB estimates were represented as a vector, and
k-means clustering method was used for cluster analysis.14 We

Table 1

Demographic characteristics of all encounters.

Variable Statistic

No. encounters 7762 (5418 patients)

Age, mean (SD) 43.3 (16.6)

Gender, n (%)

Male 2752 (35.5)

Female 5010 (64.5)

Race, n (%)

African American 4682 (60.4)

White 1044 (13.4)

Hispanic 357 (4.6)

Other 1679 (21.6)

Service, n (%)

Medicine 3728 (48.1)

Obstetrics 1237 (15.9)

Psychiatry 179 (2.3)

Surgery 1188 (15.3)

Sickle cell 886 (11.4)

Intensive care unit 544 (7.0)

Figure 1.Observed data and fitted regression line for N5 7762 encounters with adult inpatients admitted with pain score.4. The solid line represents observed
data with geometric smoothing; the dotted line shows the fitted curve from the polynomial regression models. X-axis (“Days”) denotes the time elapsed, in days,
since the initial pain measurement. Y-axis (“Pain”) denotes the pain score.
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used a scree plot to determine the optimal number of clusters to
analyze.11 Once the clusters were identified, for each group, we
plotted mean pain trajectories, computed area under the curve
(AUC), and characterized the subgroup’s demographics.

Mixed-effects regression and the generation of EB estimates
were performed using SuperMix (version 1.2; Scientific Software
International). For each of the clusters, the AUC was computed
using the R statistical package. This AUC function matches the
approximation for the integration function using the trapezoidal rule.

To quantify the relationship between initial pain score and the
slope of the pain score trajectory, we used the correlation
between the intercept term and the linear time term (provided in
the SuperMix regression output). To further analyze and visualize
this relationship, we divided the data in to 3 subgroups based on
the initial pain score (initial pain5 5 or 6; 7 or 8; 9 or 10). For each
subgroup, a pain trajectory was developed and the following
variables were determined: Vo, the rate of decrease of pain score
in the first 2 hours after the initial pain score (ie, slope for the first 2
hours); and Pplateau, the mean pain score for the last 24 hours
recording (ie, from 24 to 48 hours).

3. Results

3.1. General characteristics of pain scores

We extracted 104,414 pain scores from 7762 admissions
involving 5418 unique patients (Table 1). Patients were

predominantly female (64.5%) and African American (60.3%),
with an average age of 43.3 years. The observedmean pain score
trajectory for the entire sample, along with the fitted regression
line, is shown in Figure 1. For 27% of the patient encounters,
there were no pain measurements after the 48-hour period,
indicating that these patients were likely discharged before the
end of the 48-hour window.

Themain effects of age, gender, race, and the use of opioids on
pain scores are included Appendix A Table 1 (available online as
Supplemental Digital Content at http://links.lww.com/PAIN/
A331). Figure 2 shows pain score trajectories by gender, race,
and type of medication order. For every 1-year increase in age,
pain scores decreased on average by 0.02 points (P , 0.001).
Men had lower average pain scores (b520.61, P, 0.001) than
women. Patients on the sickle cell service (b 5 2.07, P , 0.001)
and intensive care units (b5 0.46, P, 0.001) had higher average
pain scores than patients on medicine units. Compared with
patients who did not have orders for any pain medications, the
average pain scores of those who had orders for medications
were higher (for those who had opioid orders: b 5 2.07, P ,
0.001; for thosewhohad non-opioid orders:b5 0.82,P, 0.001).

There were significant interactions of gender, race, and
medications with the linear, quadratic, and cubic time terms.
Compared with men, pain scores of women declined more
rapidly (P , 0.001). With respect to race, compared with African
Americans, Hispanic patients’ pain scores declined more rapidly,
but pain scores of patients reporting their race as “other” had

Figure 2. Observed 48-hour pain trajectories with rolling mean scatter plot smoothing, clockwise from upper left: (A) by gender; (B) by race (African American,
White, Hispanic, andOther); and (C) by analgesicmedication exposure (nomeds, nonopioids only, any opioids). X-axis (“Days”) denotes the time elapsed, in days,
since the initial pain measurement. Y-axis (“Pain”) denotes the pain score.
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a slower decline. Compared with patients having no medication
orders, pain scores for patients who had an opioid order had
a slower decline in pain scores.

In our regression model, there was a significant correlation
between time and the intercept term (r 5 0.38) showing that the
slope of the pain trajectory was correlated with the initial pain
score. Figure 3 shows the trajectories for patients with pain
scores categorized into 3 levels of initial pain: 5 or 6, 7 or 8, and 9
or 10. For each trajectory, an initial rate of pain reduction, Vo and
Pplateau, the mean pain score for the last 24 hours of observation,
were computed (Table 2).

We found that the rate of decrease of pain score during the first
2 hours (Vo) decreased with decreasing initial pain. Similarly,
Pplateau also decreased as the initial pain score decreased (Fig. 3).
The difference between the initial pain score and Pplateau was not
constant: for pain scores 9 or 10, 4.95 points: for pain scores 7 or
8, 3.68 points; and for pain scores 5 or 6, 2.51 points. The
percentage reduction, however, was fairly constant across the 3
groups, ranging from 48.2% to 52.7%.

3.2. Pain trajectory clusters

We selected a 4-cluster solution based on the scree plot (See
Appendix A Figure 1, available online as Supplemental Digital
Content at http://links.lww.com/PAIN/A331), which illustrated
that after 4 clusters, additional clusters produced only minimal

change in the within-group sum of squares. Table 3 summarizes
the properties of each of the clusters, and Figure 4 shows the
average observed trajectories and the fitted regression lines.

Cluster 1 included relatively younger patients, with the highest
proportion of African Americans with the highest initial and average
pain. Opioids had been ordered formost of these patients (97.5%),
and this group contained the highest proportion of patients being
treated in the sickle cell disease unit (36.5%). Cluster 2 included
patients with a lower initial and average pain than cluster 1. The
painwas persistent andwithout rapid resolution. Almost all patients
received orders for opioids (94.8%) and were predominantly
discharged from amedicine service.Cluster 3 included the highest
percentage of women (68.8%), with discharges from medical
(47.7%), obstetrical (23.3%), and surgical (17.7%) services. Eighty-
seven percent had received an order for an opioid analgesic.
Exclusive use of nonopioids wasmore common in cluster 3 than in
clusters 1 and 2. Although the initial pain was similar to cluster 2,
the resolution was more rapid, with a slight rebound. Cluster 4
included relatively older patients and was characterized by a very
rapid resolution and the largest rebound increase during the last 24
hours. These patients were predominantly nonsurgical. Compared
with the other subgroups, only about two-thirds of patients had an
opioid order and .10% received no analgesia orders at all.

The normalized AUC for the mean pain score trajectory for
each cluster was as follows: cluster 1: 0.69, cluster 2: 0.52,
cluster 3: 0.34, and cluster 4: 0.15.

Figure 3.Observed average pain trajectories for patients with 3 levels of initial pain (5 or 6, 7 or 8, and 9 or 10): Vo is the rate of decrease of pain score during the first
2 hours after initial pain recording and Pplateau is the average pain during the 24 hours (24-48 hours) of pain recording. X-axis (“Days”) denotes the time elapsed, in
days, since the initial pain measurement. Y-axis (“Pain”) denotes the pain score.

Table 2

Percentage of decrease of pain for patients with different levels of initial presenting pain: 5/6, 7/8 and 9/10.

Initial pain (NRS) Po(avg) Vo(/h) Pplateau Po(avg) 2 Pplateau % Pain decrease

5 or 6 5.21 (2) 0.23 2.70 2.51 48.2

7 or 8 7.35 (2) 0.31 3.67 3.68 50.1

9 or 10 9.39 (2) 0.58 4.44 4.95 52.7

The decrease is computed based on the average initial pain, Po(avg), and the plateau, Pplateau, over the last 24 hours.

NRS, numerical rating scale; Po, an initial rate of pain reduction.
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4. Discussion

For hospitalized patients, sustainable improvements in pain
control have been difficult to achieve. We explored the possibility
that new understandings and opportunities for improvement
might be opened up by representing pain scores as continuous,
graphical trajectories. Our objective was to examine the
usefulness of pain score trajectories as a way of representing
the experience of pain among a large cohort of hospitalized
patients who were admitted with significant pain.

By representing pain scores as graphical trajectories, we were
able to highlight several characteristics regarding the experience
of pain for hospitalized patients. Pain trajectories varied based on
race, gender, service, and initial pain, in clinically plausible ways.
For the overwhelming majority of patients, pain scores declined
substantially during the first 12 hours but minimally thereafter. But
across different types of patients, the speed of the onset of relief,
the absolute reduction in pain, and the final level of pain relief
achieved differed substantially. We also found that the rate of
decline in pain score was correlated with the initial pain score
such that the higher the level of initial pain, the more rapid the
initial decline. It is likely that this effect might be slightly
exaggerated by the effect of “regression to the mean” on patients
with an initial pain score of 10. However, the relationship with
initial pain score likely still holds based on our finding regarding the
variation in pain scores for patients with initial scores ,10.

During the first 48 hours, pain scores did not stabilize at the
same level for all patients but depended on the initial pain score.
Regardless of the initial level of pain, the total amount of pain relief
amounted to roughly half the initial pain. Although our analysis
does not make it clear why there was a plateau at such high levels
of pain for many patients, this finding is noteworthy. We can
speculate that it may be due to patient and/or clinician expect-
ations, or the culture of patient–nurse or nurse–physician
communication regarding pain.

Our approach was exploratory, descriptive, and formative
intended to raise questions and generate hypotheses rather than
to provide definitive answers to the central dilemmas of pain care.
Using this approach, we uncovered a number of novel patterns
and generated several hypotheses. In the rest of this section, we
describe the implications of our methodological approach for
generating pain trajectories and the use of these trajectories for
research and quality improvement efforts.

As described previously, we used a mixed-effects regression
approach to characterize pain trajectories and used clustering
techniques to classify the trajectories. The trajectories we
generated showed some discriminant validity in the sense that
they were able to separate out patients who are known to have
quite different experiences of pain. In other words, each cluster
representedgroups of patientswhowere similar to one another but
distinguishable from patients in other clusters based on clinical
and/or sociodemographic characteristics. For example, cluster 1
had the highest proportion of African American men and the
highest proportion of patients in the sickle cell unit; patients in this
cluster also had the highest pain and limited pain resolution. By
contrast, cluster 4 included older patients with rapid pain
resolution. Although this analysis was based on a single institution,
our approach is generalizable and can be used to generate and
evaluate clusters of pain trajectories from similar data sets.

Additional methodological approaches that we used also could
be considered for investigating the quality of pain care. For
example, is it possible to use the AUC of the trajectory as
ameasure of the quality of pain relief over an entire episode of care?
It is well known that pain scores are related to patient satisfaction
scores.13,22We recognize that patient satisfaction with pain care is
caught up in a complex dynamic wherein patients may demand
more pain relief and staff may resist.26 Still, this work suggests
a variety of new hypotheses about the relationship between
properties of a pain score trajectory and patient satisfaction (eg, Is
AUC of the pain score trajectory a better predictor of patient

Table 3

Pain score, demographics, service location, and medication order type for each cluster.

Variable Cluster 1
(n 5 1344 encounters)

Cluster 2
(n 5 2006 encounters)

Cluster 3
(n 5 2193 encounters)

Cluster 4
(n 5 2219 encounters)

Pain score, mean (SD) 7.12 (2.6) 5.56 (3.1) 3.91 (3.5) 2.30 (3.4)

Age, y, mean (SD) 39.14 (14.1) 42.85 (15.9) 44.54 (16.9) 47.43 (18.6)

Gender, %

Male 39.2 35.8 31.2 37.0

Female 60.8 64.2 68.8 63.0

Race/ethnicity, %

Hispanic 1.8 3.5 6.5 5.5

African American 74.3 61.5 54.6 56.5

White 10.3 15.2 14.0 13.2

Other 13.5 19.9 24.9 24.9

Medical service, %

Obstetrics 2.9 10.0 23.3 21.9

Psychiatry 0.2 0.5 1.0 6.4

Surgery 12.6 19.5 17.7 10.7

Sickle cell 36.5 15.5 3.3 0.5

Intensive care unit 8.0 8.3 6.9 5.3

Medicine 39.8 46.2 47.7 55.1

Medication order, %

Opioids 97.5 94.8 87.3 65.9

Nonopioids only 2.2 4.1 10.2 21.9

No medications 0.4 1.1 2.5 12.2
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satisfaction than some discrete measure of pain?). With proper
case-mix adjustment, itmay bepossible to compare different areas
of a hospital, and even different hospitals, to identify factors that
explain variability in the quality of pain care.

The analysis of clusters of pain trajectories suggests a number of
questions for further research andprovides opportunities for quality
improvement. The 4 identified clusters that emerged raise several
questions thatwarrant further exploration. For example, for patients
in clusters 2, 3, and 4, why is there only limited pain relief after the
first 12 hours? Similarly, why does the pain score for patients in
cluster 1 not decrease,5?What accounts for the difference in the
speed of onset of relief and the absolute magnitude of relief across
all 4 clusters?Whydopatients in clusters 3 and 4 have a rebound in
their pain intensity after 24 hours?Whydopatients in clusters 1 and
2 still have a high level of pain at 48 hours? With more careful
analysis and control of clinical variables such as diagnosis,
procedures, and medication administration, it should be possible
to explain some of these phenomena.

One of the novel contributions of using graphical pain score
trajectory is to bring such new questions to our attention. By
representing pain as a time series, the dynamic properties of pain
are rendered visible, and these dynamic properties can then be
the targets of quality improvement. The trajectories can
encourage us to think about pain more holistically, at the level

of the entire episode of hospitalization, rather than the way
clinicians typically view them as discrete measurements in time.
Furthermore, enhancing the pain trajectories to include clinical
events such as painful procedures and medication administra-
tions can help in potentially translating the use of pain trajectories
to routine clinical use. It must be acknowledged that in our current
analysis, pain trajectories lack details regarding medication
administration and procedures.

Enhancing the visual detail in pain trajectories and translating
their use to routine clinical practice will require new visualization
strategies. For example, to make trajectories more useful
clinically, it will be helpful to have visual representations that can
facilitate the comparison ofmultiple patients’ pain trajectories and
their actual variations over time in relation to key clinical events.
Adding these and other features, as part of a user-centered
design process led by clinicians, is a topic for future work.

4.1. Limitations

Several factors limit the conclusions that can be drawn from this
initial study. This was a single-site study, carried out at an urban,
minority-serving, academic, tertiary care hospital. As such, the
findings may not generalize to other hospital settings. We did not
control for a wide variety of factors that are known to affect the

Figure 4.Observed and fitted 48-hour pain score trajectories for patients in 4 clusters. The solid lines are the observed data with geometric smoothing. The dotted
lines are the fitted curves from the polynomial regression models, using mean empirical Bayes estimates from each cluster. The corresponding area under the
curve (AUC) values are also shown. X-axis (“Days”) denotes the time elapsed, in days, since the initial pain measurement. Y-axis (“Pain”) denotes the pain score.
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experience of pain, most notably admitting diagnosis, the
presence or absence or timing of painful procedures, or the time
of day. This was primarily because of the wide range of the
diagnoses in our cohort (unique primary diagnoses, n 5 1330;
unique procedures, n 5 1050; unique diagnoses-related group
codes, n 5 570). Given the exploratory nature of this study and
potential lack of statistical power for subgroup analysis based on
diagnosis, we focused on generating an overall perspective on
the pain trajectories. However, clinical diagnosis is an important
consideration for interpreting pain trajectories. For example, the
observed racial differences in pain trajectories are provocative,
but due to the lack of control for diagnoses, it is not clear whether
this reflects true racial differences in pain experience or just
a result of an underlying (but, unmeasured) correlation between
race and diagnosis, such as sickle cell disease.

We did not control for the specific type of medication used, the
time of administration, dose, or route of administration. There was
significant variation in pain at the level of an individual patient that
is not apparent in our graphs of mean pain score trajectories. The
individual variation was captured in our mixed-effects regression
models but not in the graphs. Finally, the numerical pain score
was presumed to be a valid proxy for subjective pain intensity,
despite potential measurement error related to patient reporting
and nurse documentation.

5. Conclusion

Representing pain with continuous, graphical pain score trajecto-
ries reveals several dynamic aspects of the experience of pain
among hospitalized patients. Although these properties have not
previously received much attention, they appear to capture
important information regarding the overall experience of pain that
is relevant to both providers and patients. This way of representing
pain score data may provide new targets for quality improvement
and new information to guide clinical decision making.
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