ORIGINAL ARTICLE

Clinical Characteristics of Fibromyalgia in a
Chronic Pain Population
Mark Gostine, MD*; Fred Davis, MD†; Bradley A. Roberts, MS†; Rebecca Risko,
RN†; Michael Asmus, PharmD‡; Joseph C. Cappelleri, PhD§; Alesia Sadosky, PhD‡
*Michigan Pain Consultants, Grand Rapids, Michigan; †ProCare Systems Inc., Grand Rapids,
Michigan; ‡Pfizer Inc., New York, New York; §Pfizer Inc., Groton, Connecticut, U.S.A.

& Abstract
Objective: To compare fibromyalgia (FM) characteristics
among patients identified in a community-based chronic
pain cohort based on traditional International Classification
of Diagnoses 9th revision (ICD-9) diagnostic coding, with that
of patients identified using a novel predictive model.
Methods: This retrospective study used data collected from
July 1999 to February 17, 2015, in multiple chronic pain clinics
in the United States. Patients were assigned to the FM case
group based on specific inclusion criteria using ICD-9 codes
or, separately, from results of a novel FM predictive model
that was developed using random forest and logistic regression techniques. Propensity scoring (1:1) matched FM patients
(cases) to nonmalignant chronic pain patients without FM
(controls). Patient-reported measures (eg, pain, fatigue,
quality of sleep) and clinical characteristics (ie, comorbidities,
procedures, and regions of pain) were outcomes for analysis.
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Results: Nine ICD-9 clinical modification diagnoses had odds
ratios with large effect sizes (Cohen’s d > 0.8), demonstrating
the magnitude of the difference between the FM and
matched non-FM cohorts: chronic pain syndrome, latex
allergy, muscle spasm, fasciitis, cervicalgia, thoracic pain,
shoulder pain, arthritis, and cervical disorders (all P < 0.0001).
Six diagnoses were found to have a moderate effect size
(Cohen’s 0.5 < d > 0.8): cystitis, cervical degeneration, anxiety, joint pain, lumbago, and cervical radiculitis.
Conclusions: The identification of multiple comorbidities,
diagnoses, and musculoskeletal procedures that were significantly associated with FM may facilitate differentiation of FM
patients from other conditions characterized by chronic
widespread pain. Predictive modeling may enhance identification of FM patients who may otherwise go undiagnosed. &
Key Words: fibromyalgia, pain, shoulder pain, arthritis,
cervical pain, myelitis, myofacial pain syndromes, depression

INTRODUCTION
Fibromyalgia (FM) is a chronic disorder that is characterized by widespread musculoskeletal pain, joint stiffness, and fatigue. FM is typically accompanied by sleep
disturbances, depression, and a constellation of other
symptoms,1 and it may also be associated with cognitive
difficulties, often referred to as “fibrofog,” that affect
cognition and memory.2 Severity of FM can range from
mild to incapacitating, resulting in a burden of disease
that is not only well-recognized,3 but also has been
shown to increase as severity increases.4,5
While functional imaging has enabled visualization
of changes in the brain among patients with FM,6

2 

GOSTINE ET AL.

neither imaging techniques nor laboratory tests are
currently available that can be used to clinically
identify or confirm an FM diagnosis. Instead, the
American College of Rheumatology (ACR) 2010
criteria are used for clinical diagnosis and severity
classification of FM.7 According to these criteria, FM
diagnosis is based on 2 scales: one that evaluates the
extent of widespread pain Widespread Pain Index
(WPI) and the other that evaluates the severity of
specific somatic symptoms symptom severity scale
(SSS). Two alternative combinations of these scales
can be used to indicate an FM diagnosis, either a WPI
value of ≥ 7 and SSS value of ≥ 5, or WPI values of 3
to 6 and an SSS value of ≥ 9.7
There is no current specific single International
Classification of Diagnoses 9th revision, clinical modification (ICD-9-CM) billing code for FM; however,
the generally accepted diagnosis code in the medical
literature is 729.1. This code is designated as “Myositis and Myalgia, unspecified” and can include other
conditions. Thus, when used in clinical or database
studies, a diagnosis based strictly on this code may
inaccurately reflect the actual number of patients with
FM. Additionally, billing is driven by codes associated
with procedures performed or symptoms addressed
during a discrete encounter, and thus it may go
unreported that the patient being treated has FM.
Clinical experience also suggests that most community-based physicians do not routinely rely on ACR
2010 criteria, and while there has been widespread
adoption of electronic health records (EHRs), these do
not include the ACR screening criteria for SSS and
WPI. Given the limited amount of time clinicians have
to spend during patient visits, there is a need for
alternatives that may be more readily available
through the EHR to identify patients who may be
symptomatic of FM and who may warrant closer
examination.
Given the many comorbidities, including other
chronic pain conditions, associated with FM and the
inconsistent coding, the purpose of this study was to
compare 2 methods of examining the clinical characteristics of FM patients in a community-based pain
specialty practice compared with those who have
chronic pain without FM. While the first method was
based on standard and commonly used selection criteria
for identifying patients with FM (ie, ICD-9), the second
method entailed novel predictive modeling techniques.
Such evaluation and comparisons may be of potential
benefit for enhancing identification and diagnosis of

patients to improve their chances of receiving appropriate treatment.

METHODS
Data Source
The data source for this 2-phase retrospective study was
de-identified clinic-level data collected from July 1999 to
February 2015, inclusive, in 10 chronic pain clinics in
Michigan. All patient data were de-identified and fully
compliant with the Health Insurance Portability and
Accountability Act; the study protocol was approved by
the appropriate institutional review boards. For inclusion in the analysis, chronic pain patients were required
to have > 2 touch points, defined as a distinct time for
which information could be obtained from the patient
(ie, Pain Health Assessment [PHA] questionnaire,
office visits, medication prescriptions, and surgeries);
completing a PHA was required of all patients.
Phase 1—Traditional Selection Criteria for FM Patients
In phase 1, adult (≥ 18 years) FM patients were identified for inclusion in the case group from among the
82,445 chronic pain patients with > 2 touch points
based on the presence of ≥ 2 physician-assigned ICD-9
codes for FM (729.1) separated by at least 1 year, and a
length of treatment encompassing at least 1 year.
Propensity scoring8 matched FM cases with controls
(nonmalignant chronic pain patients without FM) in a
1:1 ratio based on the potential confounding variables of
age, sex, length of treatment, and treating physician
specialty (Figure 1A). The means were visually
inspected for balance,9 and standard differences were
determined, with an absolute value of ≤ 10% used as a
cutoff value for adequate balance, since there is no rule
as to how small the standard difference value should be.8
Outcomes evaluated included comorbidities, musculoskeletal procedures, and body regions of pain associated
with FM. Additionally, items from the PRISMTM PHA
(ProCare Systems Inc.)10 were also used to investigate
measures such as functional and psychosocial impairment, pain, fatigue, and quality of sleep. PRISMTM is a
patient self-assessment instrument that captures demographic information, and medical and social history. It
also collects patient-reported outcomes that include core
domains for evaluating treatment efficacy consistent with
recommendations of the Initiative on Methods, Measurement, and Pain Assessment in Clinical Trials.11
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≥ 365 days with 729.1 ICD-9 code
Averaged at least one FM ICD-9
code every 365 days
Pain Health Assessment on file

1,069 FM and
1,070 Non-FM
Patients

Length of Treatment

+
Predictive Model Selection Criteria
High risk
≥ 365 days of treatment
Pain Health Assessment on file
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Non-FM Patients
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K-folds cross
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ICD9 code

183,540 patient touch
points with 150+
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Forest
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Male & Female Predictive Model for
Fibromyalgia
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Musculoskeletal procedures
Total unique meds
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Days between touch points

≥ 365 days with 729.1 ICD9 code
≤ 180 days with at least one touch point
Averaged at least 1-729.1 ICD9 code ≤ 180 days

Figure 1. Cohort selection and model development. FM, fibromyalgia.

Phase 2—Predictive Model for Identifying FM Patients
Identification of Potential Variables. In the second
phase, FM predictive models were developed separately
by gender to identify FM patients. Model development
employed several techniques (Figure 1B) applied to the

patients with FM who were identified during phase 1.
Diagnoses and characteristics relevant to FM that were
derived from the medical literature were used to assist in
the identification of possible predictive variables.12–16
The presence of these characteristics were identified
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among the FM patients based on 183,540 treatment
activity markers, which were defined as any contact with
the patient for office visits, injections, therapies, taking a
pain health assessment, and writing prescriptions.
Random Forest Model. More than 150 possible predictors were entered into a random forest model as a
second step for variable reduction. Random forest
modeling is a computationally extensive statistical
technique that can accommodate large sets of numerical
and categorical variables as input.17 The model itself
consists of ensembles of classification trees that are
developed from a series of bootstrapped samples,18
providing an output that has good predictive performance with respect to diagnostic accuracy for identifying factors associated with the outcome of interest.
Built-in cross-validation enables ranking of the importance of the variables associated with the outcome.
Random forest has recently been applied to EHR data
for predictive modeling of FM and painful diabetic
peripheral neuropathy diagnoses.19
Logistic Regression. The random forest model identified variables based on their relative importance in
partitioning the data into the defined classes from plots
of their relative accuracy (Figure 2A) or Gini (Figure 2B); Gini is a measure of the variable’s contribution
to the overall homogeneity. However, the 30 variables
identified from the random forest model for use in the
subsequent analyses were derived from the mean
decrease in accuracy, since this represents a more robust
criterion (ie, averaged over all predictions).
Among the 30 variables, a subsample of FM patients
was chosen by applying more stringent criteria to identify
the most severe patients requiring more services in a shorter
time period. This selection consisted of the following three
criteria: (1) at least 365 days of ICD-9 code 729.1, (2)
≤ 180 days with at least 1 touch point, and (3) averaged
days with at least one ICD-9 code 729.1 ≤ 180 days. To
establish the control group for model comparison, similar
criteria were applied without the assignment of a 729.1
ICD-9 code, but requiring patients to have some type of
encounter within the same timeframes. With the cases and
controls defined, a logistic regression model was used,20
and 4 clinically relevant predictors were predefined:
musculoskeletal procedures (typically a trigger point
injection), total unique medications, total unique diagnoses, and days between touch points. The models were
validated by using 10-fold cross-validation, and the
resulting models performed well in having high values for

area under the receiver operator curve; the female FM
predictive model had a value of 0.91, and the male FM
predictive model had a value of 0.94. Patients at high risk
for FM were then identified by applying the predictive
models to the 82,445 chronic pain patients and requiring at
least one physician-assigned 729.1 ICD-9 code; high risk
was defined as patients ranked in the top ~33% (tertile)
odds of having FM. These patients were propensity score
matched 1:1 based on gender, age, length of treatment, and
physician to identify the comparator control group of
patients who had nonmalignant chronic pain but without
FM (see Figure 1A).
Statistical Analyses
In both phases, Pearson’s chi-square and odds ratios
(ORs) were used to assess the significance and magnitude of relationships, with 2-sample t-tests used for
patient procedures.21 A mixed model with repeated
measures was implemented for patient-reported outcomes.22 Effect sizes for individual analyses were
estimated directly using Cohen’s d (difference between
means divided by the pooled standard deviation) for
continuous outcomes23 or indirectly (log OR multiplied
by the square root of 3, divided by p) based on
Hasselblad and Hedges for binary outcomes.24 A
standardized effect size of 0.20 standard deviation units
is generally considered “small,” while 0.50 and 0.80 are
“medium or moderate” and “large,” respectively.23,25

RESULTS
Demographics of the FM Cohorts
In the first phase, 9,758 potential FM patients were
identified, from a total of 82,445 chronic pain patients. A
total of 1,069 subjects met all inclusion criteria using the
traditional selection criteria and were matched to 1,070
controls using the stepwise process of the PSMatching
macro, with retention of the extra patient for whom there
was no match.26 The FM population was predominantly
female (77.1%), with an average age of 53.5 years and an
average length of treatment of 1,793.3 days (Table 1).
Standard differences were < 10%, indicating acceptable
(see Table 1); prematch standard differences ranged
from 27.9% to 45.0% (data not shown).
In the second phase, the predictive modeling identified
2,444 potential patients with a high risk for FM who were
propensity score matched with 2,444 nonmalignant
chronic pain patients without FM (see Figure 1B). The
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Figure 2. The 30 most important variables identified during random forest modeling as potentially predictive of a diagnosis of
fibromyalgia. (A) Based on decrease in accuracy. (B) Based on decrease in Gini score. ICD-9, International Classification of Diagnoses 9th
revision.

demographic characteristics of these populations show
that age and gender were similar between FM and controls,
and comparable to the case-control cohorts. However,
duration of treatment was significantly higher (P = 0.035)
among the control group relative to FM patients identified
using the predictive variables (see Table 1).
Characteristics of Conventionally Selected FM Patients
In the traditional selection FM cohort, the average time
between touch points was significantly shorter compared

with controls, 49 days vs. 140 days (P < 0.0001), and
overall, FM patients had a 3-fold higher rate of total touch
points (ie, visits, prescriptions, PHAs) than non-FM
patients. This higher rate among the FM patients relative
to matched controls included almost twice as many total
prescriptions (15.9 vs. 8.1; P < 0.0001) and current
procedural terminology–coded procedures, including
visits to physical therapy, evaluation and management
by midlevel providers and physicians, and injection
procedures (178.6 vs. 95.7; P < 0.0001; Table 2). FM
patients also had more than twice as many individual
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Table 1. Demographic Characteristics of the Fibromyalgia and Propensity Score Matched Control Cohorts*
Phase 1—Traditional Selection

Variable
Years of age (mean)
Male gender (%)
Days of treatment
(mean)
Physician

FM case
(n = 1,069)

Control
(n = 1,070)

53.5
21.9
1,793.3

53.7
23.8
1,815.0

0.014

Phase 2—Predictive Model
Standard
Difference (%)

0.013

P
Value

FM Case
(n = 2,444)

Control
(n = 2,444)

1.9
1.6
1.6

0.66
0.28
0.71

55.0
23.4
2,283.7

54.9
23.2
2,376.1

1.6

0.74

0.011

Standard
Difference (%)

0.009

P
Value

0.7
6.0
6.0

0.81
0.89
0.04

6.0

0.73

*Matching was based on gender, age, length of treatment, and physician. FM, fibromyalgia.

Table 2. Clinical Characteristics Ordered by Effect Size
Mean (Standard Error)
Phase 1—Traditional Selection

Variable
Total unique diagnoses
Total diagnoses
Total regions by procedure
Total unique musculoskeletal
procedures
Total musculoskeletal procedures
Total unique medications
Total prescriptions
Total regions by patient-report

Phase 2—Predictive Model

FM Case
(n = 1,069)

Control
(n = 1,070)

P Value

Effect
Size

FM Case
(n = 2,444)

Control
(n = 2,444)

14.8
103.2
3.0
26.0

(0.2)
(2.8)
(0.04)
(0.4)

7.6
41.3
2.2
18.4

(0.2)
(1.4)
(0.03)
(0.3)

<
<
<
<

0.0001
0.0001
0.0001
0.0001

1.17
0.87
0.66
0.63

16.7 (0.1)
111.5 (1.8)
3.3 (0.03)
29.4 (0.3)

9.1 (0.1)
53.9 (1.2)
2.5 (0.02)
21.5 (0.2)

178.6
1.6
15.9
3.2

(5.4)
(0.1)
(0.7)
(0.1)

95.7
0.9
8.1
3.0

(3.3)
(0.04)
(0.6)
(0.1)

< 0.0001
< 0.0001
< 0.0001
0.22

0.57
0.46
0.36
0.05

210.5 (4.1)
1.7 (0.04)
18.8 (0.6)
3.3 (0.1)

121.1 (2.8)
1.0 (0.03)
10.7 (0.4)
3.4 (0.1)

P Value

Effect
Size

<
<
<
<

0.0001
0.0001
0.0001
0.0001

1.20
0.77
0.70
0.59

< 0.0001
< 0.0001
< 0.0001
0.33

0.52
0.43
0.33
0.03

FM, fibromyalgia.

diagnoses (14.8 vs. 7.6; P < 0.0001) and overall total
diagnoses (103.2 vs. 41.1; P < 0.0001), with large effect
sizes of 1.20 and 0.87, respectively (see Table 2).
The 15 diagnoses with the largest effect sizes,
demonstrating the magnitude of the difference between
the FM and matched cohorts, are shown in Figure 3A.
These effect sizes were all at least moderate (ie,
d ≥ 0.50), with the top 9 indicating large effect sizes,
as well as ORs showing the odds of an FM diagnosis
being 4 to 12 times as likely as those without the
diagnoses (see Figure 3A). Chronic pain syndrome was
the diagnosis that had both the largest effect size (1.40)
and the highest OR (12.8; 95% confidence interval [CI]
3.0 to 54.1), followed by latex allergy, with an effect size
of 1.30 and an OR of 10.6 (95% CI 3.8 to 29.8). These
ORs can be interpreted as patients with these diagnoses
having, respectively, an 11.8- and 9.6-fold greater odds
of being diagnosed with FM relative to a patient without
these diagnoses.
Characteristics of FM Patients Identified Using the
Predictive Model
Similar to the conventional model selection of patients,
those patients identified using the predictive model had a

significantly shorter average time between touch points
of 54 days for FM patients relative to 158 days for
matched controls (P < 0.0001), and significantly higher
rates for each of the variables except for total pain
regions (sum of cervical, thoracic, shoulder, arm, knee,
hip, chest) affected (see Table 2). Differences were
observed among the top 15 comorbidities relative to
the populations identified using traditional selection
criteria (Figure 3B). In particular, arthropathy, rheumatoid arthritis, thoracic degeneration, and cystitis were
among the diagnoses associated with FM in the predictive model population but not among those identified
using the traditional criteria. Latex allergy was the
diagnosis that had the largest effect size (1.83) and
highest OR (27.54, interpreted as patients with latex
allergy were approximately 28 times as likely to be
diagnosed with FM as patients not diagnosed with a
latex allergy).
Overall, FM patients underwent more musculoskeletal procedures in the analysis relative to non-FM
patients (Figure 4), with generally similar musculoskeletal procedures reported for the populations identified
using traditional and predictive criteria, although some
difference were noted. The largest effect sizes were for
musculoskeletal procedures using both criteria, which
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Diagnosis

Odds Ratio [95% CI] Effect
Size

A Traditional Selection
Chronic pain syndrome

12.79 [3.02, 54.12]

1.40

Latex allergy

10.63 [3.79, 29.78]

1.30

Muscle spasm

5.49 [3.73, 8.07]

0.94

Fasciitis

5.42 [3.20, 9.18]

0.93

Cervicalgia

5.21 [4.27, 6.35]

0.91

Thoracic pain

4.66 [3.65, 5.95]

0.85

Shoulder pain

4.51 [3.57, 5.71]

0.83

4.38 [1.24, 15.41]

0.81

Cervical disorders

4.33 [3.61, 5.19]

0.81

Interstitial cystitis

3.36 [0.92, 12.24]

0.67

Cervical degeneration

2.86 [2.30, 3.55]

0.58

Anxiety disorder

2.84 [1.78, 4.53]

0.58

Joint pain

2.74 [2.29, 3.28]

0.56

Lumbago

2.51 [2.11, 3.00]

0.51

Cervical radiculitis

2.48 [2.04, 3.03]

0.50

Rheumatoid arthritis

B

Predictive Model
Latex allergy

27.54 [8.68, 87.31]

1.83

Muscle spasm

6.05 [4.83, 7.59]

0.99

Fasciitis

5.27 [3.57, 7.78]

0.92

Arthropathy

4.53 [1.53, 13.39]

0.83

Cervicalgia

4.14 [3.66, 4.67]

0.78

Thoracic pain

4.07 [3.49, 4.73]

0.77

Cervical disorders

4.07 [3.61, 4.59]

0.77

Shoulder pain

3.76 [3.28, 4.30]

0.73

Chronic pain syndrome

3.59 [1.93, 6.66]

0.70

Rheumatoid arthritis

2.92 [1.42, 6.01]

0.59

Thoracic degeneration

2.84 [2.28, 3.53]

0.58

Joint pain

2.73 [2.43, 3.06]

0.55

Cervical degeneration

2.70 [2.38, 3.08]

0.55

Anxiety disorder

2.53 [1.92, 3.34]

0.51

Interstitial cystitis

2.51 [1.10, 5.71]

0.51

0 1
Control

10

20

30

FM Case

Figure 3. Odds ratios (95% confidence interval [CI]) of the 15 most frequent physician diagnoses in patients with fibromyalgia relative
to matched controls without fibromyalgia ranked by magnitude of effect size and odds ratio. (A) Fibromyalgia patients identified using
traditional International Classification of Diagnoses 9th revision (ICD-9) criteria. (B) Fibromyalgia patients identified based on a
predictive model. Effect size based on Cohen’s d.

mainly consisted of trigger point injections, and FM
patients had nearly 6 more musculoskeletal procedures
than non-FM patients during their course of treatment,
on average, with trigger point injections accounting for
approximately 5 of these procedures.
An examination of the body regions for pain by
procedure among patients identified using traditional
criteria (Figure 5A) showed significantly higher odds of
an FM diagnosis associated with all procedures except
hip, with large effect sizes for the shoulder (0.83) and

cervical (0.79) regions. Patients with procedures for
shoulder pain were 4.49 times as likely to be diagnosed
with FM relative to those who did not receive this
procedure code, and similarly 4.19 times as likely for
those with neck pain–related procedures. Results were
generally similar for patients identified using the predictive model (Figure 5B), although the hip also showed a
significant difference between FM and controls.
Longitudinal assessment showed that the majority of
patients who were assigned 729.1 ICD-9 codes or for
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Interventional Treatment

Mean Difference [95% CI] Effect
Size

A Traditional Selection
Musculoskeletal

5.88 [5.29, 6.48]

0.84

5.34 [4.79, 5.89]

0.83

Joint/bursa injection

2.46 [1.90, 3.03]

0.37

Facet

2.26 [1.71, 2.81]

0.35

Physical therapy

4.90 [3.66, 6.14]

0.33

Epidural: cervical/thoracic

1.72 [1.27, 2.16]

0.33

Block somatic

2.24 [1.64, 2.83]

0.32

Facet: cervical/thoracic

0.72 [0.53, 0.91]

0.32

Epidural

2.35 [1.61, 3.08]

0.26

Neurolytic destruction

0.32 [0.20, 0.43]

0.24

Suprascapular injection

0.49 [0.31, 0.66]

0.23

Selective nerve root: cervical/thoracic

0.06 [0.00, 0.11]

0.08

Block symptomatic

-0.36 [-0.85, 0.12]

0.06

Ilioinguinal injection

-0.01 [-0.05, 0.03]

0.02

Selective nerve root

-0.07 [-0.50, 0.36]

0.01

0.01 [-0.18, 0.19]

0.00

5.19 [4.78, 5.60]

0.71

4.36 [3.98, 4.73]

0.65

Block somatic

2.68 [2.26, 3.10]

0.35

Joint/bursa injection

2.62 [2.20, 3.03]

0.35

Epidural: cervical/thoracic

2.18 [1.83, 2.54]

0.34

Epidural

3.13 [2.56, 3.70]

0.31

Facet: cervical/thoracic

0.83 [0.68, 0.98]

0.31

Facet

2.11 [1.71, 2.50]

0.30

Physical therapy

4.61 [3.70, 5.52]

0.28

Suprascapular injection

0.53 [0.41, 0.64]

0.26

Intercostal block

0.22 [0.10, 0.33]

0.10

Neurolytic destruction

0.16 [0.07, 0.25]

0.10

Selective nerve root: cervical/thoracic

0.10 [0.03, 0.16]

0.09

Selective nerve root

0.29 [-0.03, 0.60]

0.05

Block symptomatic

0.55 [-0.21, 1.30]

0.04

Ilioinguinal injection

0.01 [-0.01, 0.03]

0.02

Trigger point injection

Intercostal block

B Predictive Model
Musculoskeletal
Trigger point injection

0

-2

2

Control

4

6

8

FM Case

Figure 4. Mean difference (95% confidence interval [CI]) in average number of interventional treatments in patients with fibromyalgia
relative to matched controls ranked by magnitude of effect size. (A) Fibromyalgia patients identified using traditional International
Classification of Diagnoses 9th revision (ICD-9) criteria. (B) Fibromyalgia patients identified based on a predictive model. Effect size
estimated using Cohen’s d.23

whom the corresponding approach of musculoskeletal
procedures was used had these assignments during the
first 1 to 2 years regardless of the selection criteria used
(Figure 6); musculoskeletal procedures generally
matched the ICD-9. Similar longitudinal patterns were
observed for total unique medications and total unique
diagnoses (data not shown).
Evaluation of patient-reported outcomes from the
PHA showed that the differences between FM and nonFM patients were small and resulted in negligible effect
sizes (ie, < 0.01) (data not shown).

DISCUSSION
Diagnosis and coding of FM remains a challenge. This
predictive modeling study identified 4 predictive variables (musculoskeletal procedures, typically a trigger
point injection; total unique medications; total unique
diagnoses; and days between touch points) that can be
used to help clinicians differentiate FM patients from
other chronic painful conditions. Results from the 2
approaches (ie, traditional ICD-9 coding vs. use of
predictive modeling) for identifying FM patients were
generally similar with regard to characteristics
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Figure 5. Longitudinal assessment of fibromyalgia International Classification of Diagnoses 9th revision (ICD-9) code and
musculoskeletal procedures during their first clinical visit or in their following years of treatment

associated with FM. However, predictive modeling
resulted in a larger sample of FM patients, suggesting
that use of predictive variables enhanced our ability to
identify patients at higher risk for FM.

Our predictive modeling results showed that disease
burden is greater among FM patients relative to matched
predictive modeling controls. This is consistent with the
cohorts identified using traditional selection criteria, as

Odds Ratio [95% CI] Effect
Size

Region of Pain

A Traditional Selection
Shoulder
Cervical
Arm
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Knee
Thoracic
Hip/Lumbar
B Predictive Model
Cervical
Shoulder
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Hip/Lumbar
0

1
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2

4

4.49 [3.55, 5.67]
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4.19 [3.50, 5.02]

0.79

1.71 [1.29, 2.26]

0.30

1.69 [1.11, 2.57]

0.29

1.56 [1.21, 2.03]

0.25

1.29 [1.06, 1.56]

0.14

1.22 [0.96, 1.54]

0.11

3.99 [3.54, 4.50]

0.76

3.73 [3.26, 4.27]
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1.72 [1.47, 2.01]
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1.63 [1.40, 1.90]

0.27

1.46 [1.27, 1.67]

0.21

1.31 [1.10, 1.55]

0.15

6

FM Case

Figure 6. Regions of pain by procedure, using Current Procedural Terminology code, ranked by magnitude of effect size and odds
ratio. (A) Fibromyalgia (FM) patients identified using traditional ICD-9 criteria. (B) Fibromyalgia patients identified based on a
predictive model. Effect size based on Hasselblad and Hedges.24 CI, confidence interval.
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well as with other studies that also reported a high
comorbidity burden among FM patients.27–29 Importantly, these results quantified the burden and showed,
using 2 different methods for selecting FM patients, that
regardless of the selection method, FM patients had
almost twice as many diagnoses as controls, enabling
identification of specific conditions that were associated
with a greater likelihood of receiving an FM diagnosis,
including the presence of latex allergy. There was
general concordance in the top diagnoses between the
2 methods of identifying patients, suggesting that
common comorbid conditions may be appropriate for
identifying patients who may require additional evaluation for FM. However, the overall prevalence of
comorbidities was higher among patients identified
using the predictive model, suggesting that this method
selects patients who may be at a higher risk for
comorbidities, as well as having a more diverse symptomology than patients selected by traditional methods.
Interestingly, this is the first report in the medical
literature suggesting a significant association between
latex allergy and an FM diagnosis; patients with a latex
allergy had greater than 9-fold and 26-fold higher odds
of being diagnosed with FM relative to those who did
not have such an allergy among the traditional criteria
and predictive modeling groups, respectively. This
apparent relationship between latex allergy and FM
may be representative of an increased skin sensitivity
response, which is not unusual in sufferers with the
condition, and may be an indicator of multiple chemical
sensitivity disorder, which is characterized by persistent
symptoms temporally related to exposure of chemically
unrelated compounds at doses below those that cause
harmful effects.30,31 While it can be proposed that
multiple chemical sensitivity disorder may potentially
coexist in FM patients, contributing to sensitization and
widespread chronic pain, the presence of latex allergy
itself may also represent a signal indicating the need for
further clinical evaluation of patients for FM. This
relationship between latex allergy and FM, and the
implications for broader environmentally related sensitivity, warrant further investigation.
The significantly higher rates of musculoskeletal
procedures among the FM patients relative to controls
regardless of the selection criteria, combined with the
shorter time between touch points, is a clear demonstration of the healthcare-seeking behavior and greater
resource use that has consistently been reported among
FM patients.32–34 This greater resource use is consistent
with a previous analysis that identified 8 of the 10 most

important variables predictive of an FM diagnosis as
healthcare resource utilization variables.35 It should be
noted that among the musculoskeletal procedures in the
current analysis, patients with FM had on average 5
more trigger point injections than controls, despite
limited evidence for the efficacy of such procedures in
FM.36,37 The results also showed there was a significant
association between FM patients and the body region
where they received the musculoskeletal procedures.
The shoulder and cervical regions were the most
frequent sites for procedures, with FM patients identified using both traditional and modeling criteria nearly 4
times as likely to be treated in these regions as non-FM
patients.
There were no significant differences between FM
and matched cohorts for any of the patient-reported
items from the PHA, suggesting the difficulty in identifying FM patients using patient-reported criteria. While
specific clinical variables appear to represent the primary differences between these populations, it is also
possible that the PHA items may not adequately reflect
or capture key variables that are reported by FM
patients.
The clinical relevance of this study is that it proposes
4 predictive variables based on information that is likely
to be readily accessible, with information on 3 of these
variables (musculoskeletal procedures, total unique
medications, and total unique diagnoses) available even
at an initial visit with a new patient and certainly within
the first year. This availability early in the follow-up, as
indicated by the longitudinal assessment results, is
consistent with the recognized pattern of healthcareseeking behavior among FM patients prior to receiving a
diagnosis, which is often delayed.16 For the identified
variables, in particular, it would be possible for physicians to determine the medications, diagnoses, and
procedures that have been assigned to a patient over a
12-month period, with a high relative score in a patient
with somatic complaints or frequent visits indicating
patients who may be symptomatic of FM. However,
these results also suggest the appropriateness of developing an algorithm, using these variables, for incorporation into EHR that could prompt, via computer
notification, a physician to consider an FM diagnosis.

STRENGTHS AND LIMITATIONS
Strengths of this study include a large study size,
enabling high statistical power and the ability to detect
effects and determine their size, and the use of matching
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to controlling for confounding variables. Additionally,
the predictive model considered the presence of physician-assigned FM ICD-9 codes as less stringent, increasing the number of true FM patients to be included in the
analysis, although this reduction in stringency may also
be considered a limitation in that it may have incorporated a modeling error for identifying FM patients. In
this regard, it is important to note that the variables used
in the predictive model were highly predictive of FM
patients in our chronic pain practices, and that the
reduced stringency was needed because ICD-9 codes are
infrequently used, especially in our practice. Consequently, generalizability may be limited outside of our
practice until more complex predictive modeling can
confirm the external validity.
Other limitations of this study include that databases
such as those used here may be subject to errors in
coding or misclassification. In this regard and as
previously mentioned, FM is inconsistently coded
because there is no ICD-9 code specific to FM, and thus
it is possible that some of the patients included in the
matched cohort did have FM. This limitation may be
especially relevant, since diagnostic criteria for diagnosing FM were absent and identification was dependent on
physician-assigned ICD-9 codes, which are driven by
procedure and may not be consistent or carried through
to additional visits. Additionally, evaluation of healthcare resource categories was limited, including an
absence of outpatient visits. Lastly, inclusion of length
of treatment in the matching algorithm could be
potentially criticized, since the time from disease onset
to treatment initiation may be different between
cohorts, potentially affecting the predictive value of
the proposed variables. However, it should be noted that
not only was matching performed subsequent to predictive model selection, but that patients often delay
seeking treatment, and thus neither disease onset nor
specific treatment initiation can adequately be captured.
Furthermore, matching on length of treatment would
minimize potential variation between cohorts based on
administrative codes over various times of treatment,
enabling comparison of FM and non-FM patients
regardless of time, thus enhancing discriminatory
power.
Thus, based on these limitations, results should be
considered as hypothesis generating and warrant
further investigation. Nevertheless, from a statistical
perspective, the results suggest that the methods
described here represent a powerful approach for use
in case-control studies that have designs and goals

similar to the current one with the caveat that it is also
necessary to understand the control population based
on the complexities of a chronic disease such as FM.
This understanding of both case and control populations may help determine why the FM cohort identified using the predictive modeling had differences not
inherently related to the disease but rather compared
with the comparison group.

CONCLUSIONS
Multiple comorbidities, diagnoses, and musculoskeletal
procedures were associated with a diagnosis of FM in this
study. While the number and types of these variables
were generally similar between the FM populations
identified using traditional ICD-9 criteria and the predictive model, the predictive model allowed a broader
selection of FM patients and, by doing so, may assist in
more accurately identifying patients who may otherwise
go undiagnosed, enabling early and appropriate treatment. The data from this study may enhance development of a clinical decision support system that can be
incorporated into algorithms for use in EHRs and other
programs to better identify and treat FM patients.
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