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ABSTRACT OF THE DISSERTATION

Individual Differences in the Cognitive-Behavioral Model of Chronic Back Pain in Patients

Receiving Spine Surgery: Towards Precision Phenotypes

by
Madelyn Frumkin
Doctor of Philosophy in Clinical Science

Department of Psychological and Brain Sciences

Washington University in St. Louis, 2024

Professor Thomas Rodebaugh, Chair

Chronic back pain impacts over 20 million adults in the United States and represents the costliest
condition in our healthcare system. Treatments for chronic back pain range from cognitive-
behavioral therapy to opioid pain medications and spine surgery. At present, it is extremely
difficult to determine which treatments are likely to maximize benefit and minimize risk for a
given patient. As such, the goal of this study was to examine whether individual differences in
the cognitive-behavioral model of chronic back pain were associated with baseline
characteristics or surgical outcomes. Patients (N = 95) with chronic back pain who were
receiving spine surgery completed baseline self-report questionnaires and three weeks of mobile
health monitoring, which included ecological momentary assessment and activity tracking.
Multilevel dynamic structural equation models were used to examine individual differences in
dynamic relationships among physical, emotional, and cognitive symptoms. Results indicated
substantial between-person variability, such that no lagged relationships were statistically

significant for > 28% of participants. Although there was evidence that many dynamic

vi



relationships between subjective experiences (i.e., pain and depressed mood) were weakly
associated with symptom severity at baseline, they were not associated with surgical outcomes.
However, dynamic relationships between activity and subsequent subjective reports emerged as
larger and more robust predictors of postoperative improvement. Specifically, I observed greater
postoperative improvements in pain interference among patients for whom increased activity was
more strongly associated with subsequent pain interference (» = -.40, p < .001), pain severity (r =
-.39, p <.001), and catastrophizing (r = -.36, p = .003) preoperatively. These findings suggest
there is significant potential for dynamic relationships, particularly those involving objective

monitoring, to be harnessed to develop and test precision interventions for chronic back pain.
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Introduction

Chronic back pain (CBP) is the costliest condition in the United States healthcare system,
with an estimated $134.5 billion in spending from 1996 to 2016 (Dieleman et al., 2020). In 2019,
over 20 million adults in the United States reported significant impairment due to CBP (Yong et
al., 2022). In addition to interfering with physical functioning and day-to-day behavior, CBP is
associated with increased risk of depression, suicide, and substance addiction (Currie & Wang,
2004; Ilgen et al., 2013; Vowles et al., 2015). Importantly, back pain is the most common reason
for prescription of long-term opioids, which remain the leading cause of unintentional drug
overdoses in the United States (Boudreau et al., 2009; Centers for Disease Control and
Prevention (CDC), 2011; Okie, 2010). Given the rising prevalence of CBP and the worsening

opioid epidemic, it is critical to improve understanding and treatment of CBP.

Conceptualization and Treatment of Chronic Back Pain: A historical perspective

The field of medicine was historically governed by the biomedical model, which
conceptualized the mind and body as distinct and independent entities (Engel, 1977; Gatchel et
al., 2007). These ideas were inspired by Renee Descarte’s mind-body dualism, which he
introduced in opposition to many ancient Greek and Roman philosophers before him who
viewed pain as being intertwined with emotional experience (Rey, 1995). Under the biomedical
model, pain was treated as problem that was purely physical. Several theories of pain were
developed and tested under this model, including some that suggested pain resulted from the
stimulation of specific receptors, and contrasting theories that the receptors were non-specific,
but the patterns of neural firings were what differentiated pain from other sensations (Moayedi &

Davis, 2013; Rey, 1995).



In the early 1800s, morphine was isolated from opium, and by the mid-1800s was used
widely for acute and chronic pain. The emphasis on pharmacological treatment of pain continued
to grow with increasing numbers of disabled veterans returning from World War II and Vietnam
(Bernard et al., 2018). However, by the 1950s, physicians and researchers were beginning to
sound alarms. Biomedical theories of pain were failing to account for many phenomena
including pain in absence of noxious stimuli, phantom limb pain, and the variable relationship
between tissue damage and pain (Gatchel et al., 2007). Furthermore, treatments being used for
pain relief were not systematically having the intended effects (Beecher, 1959; Rey, 1995). It

was apparent that something was missing.

From Biomedical to Biopsychosocial Models of Pain. The field of pain moved
dramatically away from biomedical models with Melzack and Wall’s (1965) seminal gate control
theory of pain. Gate control theory was one of the first major theories to propose a mechanism by
which other systems could inhibit or facilitate the pain experience. In this way, gate control
theory could account for the variable relationship between pain and tissue damage, as well as
variable responses to pain medications (Gatchel et al., 2007). The theory was also
multidimensional in that it recognized the role of both biological and psychosocial factors (e.g.,

emotion, cognition) in inhibiting or facilitating pain perception.

Chronic pain has now been recognized and treated as a biopsychosocial phenomenon for
several decades (Gatchel et al., 2007; Lumley et al., 2011; Turk & Monarch, 2002). This model
has shifted both our understanding of why individuals experience pain and our conceptualization
of chronic pain conditions. Of significant importance to the biopsychosocial model is the
distinction between disease and illness. Disease is defined as “an objective biological event,”
whereas illness reflects “subjective experience or self-attribution” regarding the disease (Turk &
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Monarch, 2002). Similarly, nociception refers to the direct stimulation of nerves that trigger pain
pathways to the pain, whereas pain reflects the subjective perception of unpleasant sensory
experiences (Gatchel, 2004; Gatchel et al., 2007). Reflecting this distinction, the International
Association for the Study of Pain has defined pain as: “An unpleasant sensory and emotional
experience associated with, or resembling that associated with, actual or potential tissue damage”

(Merskey & Bogduk, 1986; Treede, 2018).

Cognitive-Behavioral Theory. While the medical community was shifting towards a
biopsychosocial model of pain, the psychological community was shifting towards behavioral
and cognitive-behavioral models of psychopathology. These changes soon merged, with
American psychologist Wilbert Fordyce publishing one of the first descriptions of behavioral
treatment for chronic pain (Fordyce, 1976). Fordyce primarily applied principles of operant
condition to target pain behaviors. Soon after, Turk and colleagues (1983) added cognitive
components to this model, describing ways that thoughts and beliefs about pain may influence
behavior. For example, it became widely accepted that pain-related fear played a significant role
in the onset and maintenance of CBP (Crombez et al., 1999, 2012). By the 1990s, evidence
supporting the efficacy of cognitive-behavioral approaches to treating chronic pain was rapidly
accumulating (Ehde et al., 2014; Hoffman et al., 2007; Jensen & Turk, 2014; Morley et al.,

1999).

Ongoing Tensions between Biomedical and Biopsychosocial Models of CBP
Treatment. As evidence for psychologically mediated treatment of CBP was mounting, the
opioid epidemic was just beginning. In 1995, OxyContin was approved by the Food and Drug
Administration, who at the time believed the drug had lower abuse potential than existing
formulas given its slower absorption (Center for Drug Evaluation and Research, 2023).
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Misjudgments about the risks associated with OxyContin in combination with misleading
advertising from the drug’s maker, Purdue Pharma, led to a nearly tenfold increase in OxyContin
prescriptions for chronic non-cancer pain from 1997 to 2002 (Cicero et al., 2005; Van Zee,
2009). This began the first wave of the opioid epidemic. From 1999 to 2006, the number of
overdose deaths involving opioid analgesics more than tripled from 4,000 to 13,800 (Warner et
al., 2009). Despite limited evidence of efficacy and high risks, opioids remain a common

treatment for CBP (Boudreau et al., 2009; Deyo et al., 2009, 2011).

During this time, spine surgery has also become an increasingly common procedure for
CBP. Rates of spine surgery increased by 55% in the 1980s and have continued to increase,
contributing to rising healthcare expenditures related to spine problems (Deyo & Mirza, 2006;
Marquez-Lara et al., 2014; Martin et al., 2009). Spine surgery is intended to correct anatomical
problems believed to be causing CBP. In some cases, the cause of pain may be evident, such as a
tumor pressing on the spine or a trauma to the spine. However, in the vast majority of cases, it is
difficult to determine if anatomical abnormalities identified via imaging are the cause of CBP, as
half or more of pain-free adults 30 and older will have degenerative spine imaging findings
(Brinjikji et al., 2015). Consequently, updated guidelines have cautioned against routine imaging
of patients with CBP (Hall et al., 2021). Despite this, healthcare expenditures for spine care
including imaging continued to increase. Critically, 10-40% of patients who undergo spine
surgery will experience Failed Back Surgery Syndrome (FBSS), which is defined as persistent or
recurring CBP following one or more spine procedures (Baber & Erdek, 2016; Chan & Peng,
2011; Hall et al., 2021). It is also common for patients to continue using opioids after spine

surgery, and analgesic poisoning is the leading cause of death three years after spine surgery



(Juratli et al., 2009; Uhrbrand et al., 2021). It is therefore important to consider the pros and cons

of CBP interventions, especially relative to individual patient characteristics.

Towards Precision Pain Medicine

Precision medicine aims to provide an answer to the question of what treatment or
treatments are likely to maximize benefit and minimize risk for a given patient (Ashley, 2015;
Collins & Varmus, 2015). Precision medicine approaches have generally focused on genetic or
other biological factors that can be used to match patients with the medications most likely to
work (Emery & Akil, 2020; Fernandes et al., 2017; Gandal et al., 2016). In pain medicine, there
has been some progress towards identifying genetic variants predictive of who is likely to
experience greater pain and pain-related problems (Niculescu et al., 2019). However, these
biomarkers are highly overlapping with other psychiatric disorders, including depression and
suicidality (Le-Niculescu et al., 2013). Brain imaging is also a popular method in the search for
precision pain biomarkers. There has been some progress towards identifying neural signatures
associated with pain (Lee et al., 2021; Tracey et al., 2019; Wager et al., 2013) and possible
mechanisms for treatment response (Edwards et al., 2023; Tu et al., 2019). However, at present,
there are limited actionable treatment decisions that can be made based on biological factors

alone (Nour et al., 2022).

Given the lack of clear and actionable biomarkers, as well as the emphasis on
conceptualizing pain as a biopsychosocial phenomenon, increasing efforts are being made to
identify psychosocial factors that could aid in precision pain medicine. For example, several
studies have attempted to empirically test the question “What works for whom?” by assessing
moderators of treatment response to CBT for chronic pain, including demographics, disease
characteristics, coping styles, maladaptive beliefs around pain, and treatment expectancies
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(Broderick et al., 2016; Chen et al., 2023; Gurung et al., 2015; Turner et al., 2007; Wertli et al.,
2014). However, no clear and robust moderators of psychosocial treatments for chronic pain
have emerged (Murillo et al., 2022). Consequently, matching patients to treatments based on

baseline characteristics has had mixed success (Turk, 2005; Vlaeyen & Morley, 2005).

While psychological research has largely focused on explaining individual differences in
response to CBP treatment, the field of medicine has focused more on prediction of who is at risk
for poor outcomes. For example, several studies have attempted to uncover who is at risk for
outcomes including problematic opioid use, spine surgery complications, and failed back surgery
syndrome. Psychosocial factors such as depression have emerged as risk factors for poor
outcomes across all of these medical interventions (Chan & Peng, 2011; Grattan et al., 2012;
Khor et al., 2018). Similarly to CBP, depression is a highly heterogeneous condition (Fried &
Nesse, 2015). Depression is also so highly comorbid with chronic pain, and the directionality of
this relationship likely varies across individuals (Arnow et al., 2006; Bair et al., 2008; Currie &

Wang, 2004; Magni et al., 1994). Thus, it remains unclear how to act on this information.

I argue that to improve understanding of what works for whom, we must move towards
identifying precision phenotypes based on biopsychosocial mechanisms that may predict
treatment response. This effort is more analogous to the search for biomarkers than the search for
patient clusters, in that I seek to identify individual differences in specific processes

hypothesized to be involved in treatment response.

The Current Study
The overarching aim of the current study is to empirically test the cognitive-behavioral

model of CBP in patients receiving spine surgery. Importantly, the existing theories are largely



non-specific, suggesting that thoughts, emotions, situations, and behaviors are all bidirectionally
related to one another in the perpetuation of CBP (Ehde et al., 2014; Gatchel et al., 2007; Turner
et al., 2007). The limited tests of these theories have often been conducted using methods that are
inappropriate for the within-person nature of the question at hand. For example, the cognitive-
behavioral mediation model suggests that internal factors such as perceived life interference,
perceived control, and maladaptive thoughts (i.e., catastrophizing about pain) mediate the
association between pain and depression (Rudy et al., 1988; Turk et al., 1995; Wood et al.,
2013). However, these findings are based on cross-sectional data, which is insufficient for
drawing conclusions about causality (Cole & Maxwell, 2003; Maxwell et al., 2011; Maxwell &
Cole, 2007; McNeish & Mackinnon, 2022; Preacher, 2015). Thus, I will assess dynamic, within-
person relationships between physical, emotional, and cognitive symptoms using EMA data and

Dynamic Structural Equation Modeling (DSEM; Asparouhov et al., 2018a).

The following specific hypotheses were pre-registered on Open Science Framework prior

to data collection (https://osf.io/gmt89). My first specific aim was to examine between-person

variability in dynamic, within-person relationships between physical, emotional, and cognitive
symptoms. Multiple studies have shown that within-person relationships between factors such as
pain and affect range from negative or non-significant to strong and positive across different
individuals (Frumkin & Rodebaugh, 2021; Mak & Schneider, 2020; van Middendorp et al.,
2010; Vendrig & Lousberg, 1997). I sought to extend these findings by examining individual
differences in the cognitive-behavioral model of CBP. I hypothesized (H1) that prospective
relationships would significantly vary across individuals, as opposed to the alternative hypothesis

that physical, emotional, and cognitive symptoms are related to the same degree across


https://osf.io/qmt89

individuals. Variability in these relationships across individuals is necessary to examine

associations between individual differences and treatment outcomes.

Next, | examined moderators of between-person variability to facilitate understanding of
these processes in terms of variables most often used to categorize CBP patients. In contrast to
the data-driven methods that have been used in prior studies (Beneciuk et al., 2015; Viniol et al.,
2013), I used hypothesis-driven methods to test theorized moderators of pain-related processes.
Given that greater depressive symptom severity is related to denser temporal relationships among
symptoms (Pe et al., 2015), and pain severity is associated with depressive symptom severity
(Bair et al., 2008), I hypothesized (H2a) that individuals experiencing more severe depression or
pain would exhibit stronger bidirectional temporal relationships between depressed mood and
pain in personalized models. Because depression is more common among women and younger
individuals (Fiske et al., 2009; Piccinelli & Wilkinson, 2000), I also hypothesized (H2b) that
women and younger individuals will experience stronger bidirectional relationships in
personalized models. Finally, I hypothesized (H2c) that individuals who had more severe
difficulties with emotion regulation, anxiety, and pain catastrophizing would experience stronger
bidirectional relationships in personalized models. If substantiated, these hypotheses would
facilitate understanding and prediction of personalized models based on demographic and

clinical characteristics.

I also had two exploratory aims. First, I incorporated physiological data collected via
Fitbit wrist-worn sensors. Physical activity is a common antecedent to pain for individuals with
and without chronic pain. It is a natural response to avoid activities that induce pain. However, a
pattern of fear and avoidance around physical activity can contribute to chronic pain through a
combination of biological (e.g., deconditioning) and psychosocial (e.g., loss of pleasurable

8



activities, sustained anxiety) pathways (Crombez et al., 2012; Meulders, 2019). Consequently,
reduction of physical activity is considered a maladaptive pain behavior, and safely increasing
activity is a key component of CBT for chronic pain (Fordyce, 1976; Turk et al., 1983). Tests of
the theory that activity is associated with pain and psychosocial factors have been
overwhelmingly cross-sectional (Greenberg et al., 2023; Heneweer et al., 2011). Thus, as an
exploratory aim, I sought to dynamically test associations between activity, pain, depressed
mood, and catastrophizing. Similarly to my primary aims, I hypothesized (H3) that these
relationships would vary across individuals and be associated with demographic and clinical

characteristics.

The above hypotheses focus on dynamic relationships between pain, catastrophizing,
mood, and activity as correlates of presurgical symptom severity. However, my primary
objective in conducting this study was to determine whether such dynamic relationships can
suggest precision phenotypes that would be indicative of treatment outcomes. Thus, my final
exploratory aim focused on determining whether any dynamic relationships were associated with
postsurgical changes in pain interference. I hypothesized (H4a) that stronger dynamic
relationships among pain, catastrophizing, and depressed mood would be associated with worse
surgical outcomes, as surgery is not designed to address these biopsychosocial mechanisms of
CBP. I also hypothesized (H4b) that stronger dynamic relationships from subjective variables to
activity (e.g., increased pain leading to decreased activity) would be associated with worse
surgical outcomes. By contrast, I hypothesized (H4c) that stronger dynamic relationships
between activity and subsequent subjective variables (e.g., increased activity leading to increased
pain) would be associated with better surgical outcomes, as surgery is intended to resolve pain

that is resulting from anatomical problems, which would be exacerbated with activity.



Method

Participants

Participants (N = 95) included in this study were patients with degenerative spine disease
being evaluated for possible spine fusion at Washington University School of Medicine
(WUSM). Participants were recruited as part of a larger study with investigators at WUSM
examining predictors of response to spine fusion surgery. Inclusion criteria included English-
speaking adults aged 21 to 85 years old who owned a smartphone, had at least 1 week to
complete assessments prior to surgery, and reported a numeric rating scale pain score of at least
3 out of 10 during the previous week. Patients who were undergoing surgery for infection,
malignancy, or trauma, those undergoing isolated thoracic fusion, and those undergoing another
major surgery within 3 months of data collection were excluded (see Greenberg et al., 2022 for
further details). The study was approved by the institutional review board (IRB# 202012139),
and all patients provided informed consent. Demographics and clinical characteristics are

presented in Table 1.

Procedure

Participants were recruited over the phone following a recent appointment with a WUSM
neurosurgery or orthopedic spine surgeon. A research coordinator contacted the patient,
explained the study, and solicited interest in further participation. If participants indicated
interest in the study, then the research coordinator verbally reviewed the purpose and procedures
of the study, the voluntary nature of participation, access to protected health information, and
study compensation. If patients indicated they would like to participate, they then provided
informed consent and were given instructions to download the LifeData application (LifeData

LLC) to complete Ecological Momentary Assessment (EMA) on their personal smartphone.
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Participants specified a 12-hour period in which they preferred to receive surveys every 3 hours

(i.e., 9am to 9pm).
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Table 1. Demographics and clinical characteristics

Variable M (SD)
Age 59.15 (12.52)
PROMIS Pain Interference 67.07 (5.06)
PROMIS Pain Intensity 66.15 (6.64)
PROMIS Physical Function 33.42 (4.98)
Pain Catastrophizing Scale 18.75 (13.00)
PHQ-9 7.66 (5.98)
PROMIS Anxiety 56.78 (8.66)
ERQ Cognitive Reappraisal 5.26 (1.06)
ERQ Expressive Suppression 3.42 (1.30)
n (%)
Gender (Male) 44 (46%)
Race
White 89 (94%)
African American/Black 4 (4%)
Other 2 (2%)
Ethnicity
Hispanic or Latine 4 (4%)
Not Hispanic or Latine 90 (95%)
Education
Did not graduate high school or obtain a GED 2 (2%)
High school degree 27 (28%)
College degree 35 (37%)
Graduate or professional school degree 31 (33%)
Employment Status
Actively working 33 (35%)
Homemaker 4 (4%)
Unemployed 2 (2%)
Retired 38 (40%)
On disability 18 (19%)

Note. PROMIS = Patient-Reported Outcomes Measurement Information System (these are
reported as t-scores); ERQ = Emotion Regulation Questionnaire; PHQ-9 = Patient Health

Questionnaire-9
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After agreeing to participate in the study, participants completed several self-report
questionnaires via REDCap. Participants were also mailed a Fitbit Inspire 2 with instructions to
wear the tracker as much as possible but at least during the 12-hour EMA period. Participants
received 5 EMASs daily for approximately 3 weeks, or until their surgery. Participants could
choose the time at which their surveys started. However, all surveys were administered every 3
hours. Participants had 30 minutes to respond to each survey and were sent 2 reminders at 15-
minute increments. Participants were paid $1 per completed EMA survey (up to $105), and $20
for using the Fitbit for any duration. For further details on study procedures and recruitment, see

(Greenberg et al., 2022).

Presurgical Measures

Baseline Self-Report. The National Institutes of Health’s (NIH) Patient-Reported
Outcomes Measurement Information System (PROMIS) was used to assess several baseline
characteristics. PROMIS measures were developed to improve measurement of patient-reported
outcomes and have demonstrated sound psychometric properties, including in spine surgery
populations (Ader, 2007; Steinhaus et al., 2019; Stone et al., 2016). Pain intensity was assessed
using the PROMIS Pain Intensity Short Form. The three-item measure assesses current pain, as
well as worst pain and average pain over the past week, on a scale from 1 (Had no pain) to 5
(Very severe). Pain interference, physical function, and anxiety were additionally assessed using
the PROMIS computer adaptive testing feature. All PROMIS measures were scored as t-scores,
such that a score of 50 represents the population mean, with a standard deviation of 10. For all
measures except physician functioning, higher scores represent more severe symptoms. For

physical functioning, lower scores represent worse physical function.
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Depressive symptom severity was assessed using the depression module of the Patient
Health Questionnaire (PHQ-9). This 9-item measure assesses each DSM-IV criteria for
depression on a scale from 0 (Not at all) to 3 (Nearly every day). The PHQ-9 has shown strong

evidence of validity and reliability (Kroenke et al., 2001).

Tendency to catastrophize about pain was assessed using the Pain Catastrophizing Scale
(PCS; Sullivan et al., 1995). The PCS was developed to assess three related components of
catastrophizing: rumination (i.e., “I can’t stop thinking about how much it hurts”), magnification
(i.e., “I worry that something serious may happen”), and helplessness (i.e., “There is nothing I
can do to reduce the intensity of the pain”). Participants rated 13 items on a 5-point Likert scale
ranging from 0 (Not at all) to 4 (All the time). The PCS has been used in several studies
assessing perceptions of pain and has demonstrated excellent internal consistency in community

and pain outpatient samples (Osman et al., 1997, 2000).

Ability to regulate emotions was assessed using the Emotion Regulation Questionnaire
(ERQ; Gross & John, 2003). Participants rated 10 items regarding tendency to use cognitive
reappraisal and expressive suppression to regulate emotions. Items are rated on a scale from 1
(Strongly disagree) to 7 (Strongly agree). The ERQ has strong psychometric properties in general

community samples (Preece et al., 2020).

Ecological Momentary Assessment (EMA). Data for dynamic models were collected
via EMA. At each prompt, participants responded to 12 EMA items assessing physical,
emotional, and cognitive symptoms in randomized order (see Appendix A). Participants were
instructed to respond based on how they were feeling right before they received the notification.

All items were answered on a sliding scale from 0 (none) to 100 (worst possible).
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In accordance with the Initiative on Methods, Measurement, and Pain Assessment in
Clinical Trials (IMMPACT) recommendations, we used numeric rating scales (NRS) to assess
pain intensity at each prompt (Dworkin et al., 2005). Given the clinical population, we chose to
assess intensity of back pain, leg pain, and overall pain. Second, we assessed pain interference
using three items related to the degree to which pain was interfering with activities,
concentration, and enjoyment of life. These items were adapted from the PROMIS Pain
Interference Short Form, which contains six items. We chose the three items that were most
general, as some items that referred to specific contexts (e.g., getting groceries, socializing,
recreational activities) may be difficult to answer in momentary assessments. Third, we assessed
pain catastrophizing using three items adapted from the Daily Pain Catastrophizing Scale
(Darnall et al., 2017). The three items assess the rumination (“I keep thinking about how much I
hurt”, magnification (“My pain overwhelms me”), and helplessness (“I am afraid that my pain
will get worse”) facets of catastrophizing. Prior work including a subset of the current sample
showed that these three items showed good within- and between-person reliability, construct
validity, and prognostic utility in surgical contexts (Frumkin et al., 2023). Finally, we assessed
depressed mood using three items adapted from the PROMIS Emotional Distress-Depression
Short Form. The short form contains four items related to feeling depressed, worthless, hopeless,
and helpless. We omitted the “helpless” item given that helplessness is part of the assessment of
catastrophizing. Between- and within-person reliability of all EMA constructs are reported in the

results.

Ambulatory Physiological Assessment. Activity data were collected via a wrist-worn
activity tracker. Participants were provided with a Fitbit Inspire 2 following enrollment and were

asked to wear the Fitbit for the remainder of the study. Validity or reliability of Fitbits have been
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measured in at least 144 studies, and results of a systematic review suggest that Fitbits accurately

measure steps (Fuller et al., 2020).

Postsurgical Measures
Participants repeated the PROMIS Pain Interference computer adaptive test
approximately 1-month post-surgery. This score was used to evaluate pre-post changes in pain

interference.

Data Analysis
An analysis plan was pre-registered on Open Science Framework prior to data collection

(https://osf.io/qmt89). Data were analyzed using R version 4.2.1 and Mplus version 8.9 (Muthén

& Muthén, 2017).

Confirmatory Factor Analysis. I hypothesized a priori that the EMA items (see
Appendix A) would represent 3 latent factors: pain (indicated by EMA items 1-6), depressed
mood (indicated by EMA items 7-9), and pain catastrophizing (indicated by EMA items 10-12).
A multi-level confirmatory factor analysis was conducted to confirm that items loaded onto the
expected factors. If fit was below accepted cutoffs (CFI >.90, TLI >.90, and RMSEA < 0.08),
then alternative models were compared with items removed or moved to different factors.
Reliability of the resulting factors was assessed via between- and within-person omega

coefficients (Lai, 2021).

All hypotheses were assessed using Dynamic Structural Equation Modeling (DSEM;
Asparouhov et al., 2018a). The planned ML-DSEM models included autoregressive,
contemporaneous, and cross-lagged relationships among pain, depressed mood, and

catastrophizing. In other words, each construct would be allowed to predict itself and the other
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constructs, both at the same point in time (contemporaneous) and over one lag (i.e., 3 hours). To
satisfy stationarity assumptions, time variables (i.e., day of the study, survey of the day) were
also allowed to predict each construct. A 95% Credible Interval (CI) that did not contain zero
indicated a significant relationship between two constructs, which was also expressed by a
Bayesian one-tailed p-value corresponding to the proportion of the posterior distribution that had
a sign in the opposite direction from the posterior mean. All parameters would be specified as
random, such that they could vary between individuals. Model convergence was assessed via the
Proportional Scale Reduction (PSR). A PSR close to one suggested little variation across chains,
indicating a properly converged model (Hamaker et al., 2018). By default, Mplus identifies
models with PSR < 1.1 as converged, although a strict convergence criterion of PSR < 1.01 is

preferred.

I intended to include all constructs in a single model. However, given the number of
random effects and parameters being estimated, it is common for these models to have difficulty
with convergence (Asparouhov & Muthen, 2022). In this case, I followed guidance from the

developers of Mplus to estimate a series of two-variable models.

The preregistered analysis plan specified that these models would be used to assess my
first hypothesis regarding between-person variability in dynamic relationships. Specifically, a
between-person variance estimate with a 95% CI that did not contain zero would indicate
significant between-person variability in within-person relationships. Notably, however, the
default prior distributions in Mplus constrain between-level variance estimates to be positive, so
it is not possible to obtain a non-significant result (Asparouhov & Muthen, 2022). I therefore
relied on guidance from the developers of Mplus to consider a variance estimate meaningful if it

was at least three times as large as its posterior standard deviation (Asparouhov & Muthen,
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2022). Because the standard deviation will be influenced by sample size (e.g., it will decrease as
sample size increases), I also examined individual-level estimates estimated in ML-DSEM for a
more detailed understanding of variability across the sample. Pairwise correlation and linear
regression analyses were then used to assess group-level moderators of individual-level
prospective paths (H2).

This procedure was repeated to assess variability and moderators of dynamic
relationships between activity and EMA variables (H3). Given that activity was continuously
assessed via a wrist-worn Fitbit (versus EMA data collected approximately every 3 hours), |
binned Fitbit data into 1-hour increments. To assess relationships between activity and
subsequent self-reported pain, interference, catastrophizing, and depressed mood, I used Fitbit
data collected in the hour prior to the EMA survey. Minute-level step count readings within each
1-hour increment were summed for each individual and divided by the individual’s wear time in
that hour (to account for occasions in which participants may not have worn the Fitbit for the full
60-minute increment). EMA response (e.g., pain) was then regressed on pre-EMA step count at
the within-person level in ML-DSEM. Similarly, to assess relationships between self-reported
EMA response and subsequent activity, the same procedure was followed for step count readings
in the hour following EMA responses. Post-EMA step count was then regressed on EMA
response (e.g., pain) at the within-person level. These ML-DSEM models were used to examine
group-level effects and variability across individuals. Pairwise correlation and linear regression
analyses were used to assess moderators of individual-level relationships between activity and

participant characteristics.

Finally, estimates generated from the models described above were used to examine

predictors of postsurgical pain interference. A change score was calculated for each participant
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by subtracting presurgical pain interference from postsurgical pain interference (e.g., more
negative scores indicate more improvement). Pairwise correlations and linear regression analyses
were used to examine associations between improvement in pain interference and hypothesized

within-person mechanisms (e.g., relationships between pain and mood, pain and activity, etc.).

Power
Power to uncover effects in ML-DSEM is based on a combination of the number of

participants (N), number of observations (7), complexity of the model, and strength of the
effects. Without prior work from which to estimate the expected effect sizes, I was unable to
conduct exact power analyses. However, a prior simulation study suggests a tradeoff between N
and 7, such that measuring 150 subjects 25 times, 75 subjects 75 times, or 50 subjects 150 times
yields sufficient power for somewhat simpler models (Schultzberg & Muthén, 2018). Thus, with
95 participants, I aimed to collect at least 50-75 observations per person for sufficient power to

uncover within- and between-person effects.

Results

Across all 95 participants, 7192 of 8472 possible EMA prompts were completed.
Participants completed an average of 76 surveys each (SD = 26, Range: 9-135), for an average
adherence rate of 84% (SD = 13%, Range: 40-100%). Age was positively associated with
adherence rate (= .31, p =.002), whereas depression symptom severity was weakly negatively
associated with adherence rate (r = -.23, p =.029). Adherence rate was also marginally higher
among men (M = 87%) compared to women (M = 82%), #(82.56) =2.03, p = .045.

The majority of participants (n = 79, 83%) also wore the Fitbit during the preoperative
EMA period. There was no evidence that those who wore the Fitbit systematically differed from

those who did not on demographic or clinical characteristics. Fitbit data were available for 4527
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of 7192 total time points (63%). On average, each participant had approximately 57 EMA

surveys with Fitbit data available (SD = 29, Range: 1-103).

Construct Validity

With the residual variance for the hopeless item constrained to 0 (to be non-negative), fit
of the hypothesized 3-factor model was acceptable but not excellent (CFI = 0.882, TLI = 0.849,
RMSEA = 0.038). I tested a 4-factor model separating pain intensity from pain interference, and
fit improved (CFI = 0.944, TLI = 0.924, RMSEA = 0.027). I therefore retained the 4-factor
model for subsequent analyses. The pain severity, pain interference, pain catastrophizing, and
depressed mood constructs each showed acceptable to good within-person reliability (®within =
.73-.86) and excellent between-person reliability (®petween = .90-.99). As shown in Figure 1, pain
severity, pain interference, and catastrophizing composite variables were approximately
normally distributed (skewness = -0.09-0.48). However, the depressed mood items were highly
positively skewed (skewness = 2.17). As such, I log transformed only the depressed mood
composite by first adding 1 to each value to remove zeros and then performing the base 10
logarithm. This transformation improved normality of the depressed mood composite (skewness

= 0.36).
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Figure 1. Distributions of composite Ecological Momentary Assessment (EMA) constructs

Average Within-Person Relationships between Self-Reported Pain, Depressed Mood, and
Catastrophizing

Next, I intended to assess autoregressive, contemporaneous, and cross-lagged
relationships among pain severity, pain interference, pain catastrophizing, and depressed mood
constructs in a single model. However, this model would not converge (PSR > 1.9), likely due to
its complexity. I therefore followed guidance from the developers of Mplus to estimate a series
of two-variable models (Asparouhov & Muthen, 2022). I first report the within-level
standardized estimates averaged over clusters (i.e., fixed effects) before testing my primary
hypotheses related to between-person variability. The significant contemporaneous (i.e., same
occasion) and lagged (i.e., next occasion) effects are visualized in Figure 2A and 2B,

respectively. Significance was indicated by a 95% CI that did not contain zero.
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Pain Severity and Pain Interference. Notably, I had planned to include both pain
severity and pain interference in a single pain construct. However, given that the ML-CFA
suggested separate severity and interference factors, I have analyzed them separately. Pain
severity tended to increase over the course of each day (5 = 0.029, p <.01) and over the course

of the study (= 0.128, p <.001). These time effects are partialled out of remaining effects.

Both pain severity and interference had a tendency to predict themselves or persist over
time, as evidenced by significant lag-1 autoregressive coefficients (5 = 0.309 for pain severity, f
=0.306 for interference, ps <.001). As shown in Figure 2A, a two-variable model assessing
dynamic relationships between pain severity and pain interference suggests a significant positive
covariance between pain severity and pain interference (f = 0.566, p <.001). As shown in Figure
2B, pain severity was also a significant predictor of next occasion interference (f = 0.095, p <
.001), and interference was a significant predictor of next occasion pain severity (f =0.121, p <

.001).

Pain Severity and Depressed Mood. This model between pain severity and log
transformed depressed mood converged well (PSR < 1.01). Depressed mood also had a tendency
to predict itself or persist over time, as evidenced by a significant lag-1 autoregressive coefficient
(#=0.308, p <.001). As shown in Figure 2A, there was a significant positive covariance
between pain severity and depressed mood (5 = 0.229, p <.001). Regarding cross-lagged effects,
pain severity was a small predictor of next occasion depressed mood (5 = 0.024, p = .043).
However, the 95% CI [-0.002 - 0.053] contained zero. Depressed mood was not a significant

predictor of next occasion pain severity (f = 0.016, p =.086).
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Pain Interference and Depressed Mood. Initially, this model did not converge as well.
To help with convergence, I constrained the prospective path of interference predicting
depressed mood and the autocorrelation of depressed mood to be fixed across individuals. I also
removed individuals without any variance in depressed mood (n = 6). With these alterations, the
PSR was below the convergence criterion of 1.1, but above the preferred criterion of 1.01 (PSR =
1.020). As shown in Figure 2A, there was a significant positive covariance between pain
interference and depressed mood (5 = 0.277, p <.001). Regarding cross-lagged effects,
depressed mood was a small but significant predictor of next occasion pain interference (f =
0.041, p = .004), and pain interference was a small but significant predictor of next occasion

depressed mood (f = 0.024, p = .019).

Pain Severity and Catastrophizing. Next, I examined relationships between pain
constructs and the cognitive construct of catastrophizing. This model converged well (PSR <
1.01). Whereas pain severity tended to increase over the course of each day and over the course
of the study, catastrophizing tended to decrease over the course of each day (f =-0.026, p =
.002) and remain stable over the course of the study (= 0.021, p = .080). Catastrophizing also
had a tendency to predict itself or persist over time, as evidenced by a significant lag-1
autoregressive coefficient (f = 0.296, p <.001). There was a significant positive covariance
between pain severity and catastrophizing (5 = 0.476, p < .001). Regarding cross-lagged effects,
catastrophizing was a significant predictor of next occasion pain severity (5 = 0.116, p <.001),
and pain severity was a significant predictor of next occasion catastrophizing (f = 0.066, p <

.001).

Pain Interference and Catastrophizing. Similarly, there was a significant positive
covariance between pain interference and catastrophizing (f = 0.480, p <.001). Regarding cross-
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lagged effects, catastrophizing was a significant predictor of next occasion pain interference (8 =
0.140, p <.001), and pain interference was a significant predictor of next occasion
catastrophizing (f = 0.127, p <.001). This model also showed excellent convergence (PSR <

1.01).

Depressed Mood and Catastrophizing. Finally, to complete the pairwise comparisons, I
examined dynamic relationships between depressed mood and catastrophizing. Initially, this
model would not converge (PSR > 1.5). Examination of the trace plots suggested that the most
problematic parameters were the covariance between depressed mood and catastrophizing and
the lagged relationship of depressed mood predicting catastrophizing. To ease estimation of these
parameters, I constrained the between-person variance of these parameters to zero. I also
removed individuals without any variance in depressed mood (n = 6). With these alterations, the

PSR was below the preferred criterion of 1.01 (PSR = 1.009).

There was a significant positive covariance between depressed mood and catastrophizing
(f=0.346, p <.001). Regarding cross-lagged effects, depressed mood was a significant predictor
of next occasion catastrophizing (5 = 0.059, p <.001), and catastrophizing was a significant

predictor of next occasion depressed mood (5 = 0.073, p <.001).
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Figure 2. Group-level contemporaneous (A) and lagged (B) relationships between constructs. All
paths shown were significant, as indicated by a 95% credible interval that did not contain zero.
All paths were also in a positive direction, suggesting increases in one construct corresponds to
increase in the other construct. Lagged relationships were assessed over 3 hours.

Hypothesis 1: Prospective Relationships will Significantly Vary across Individuals

Next, I used the two-variable models to examine variability in dynamic relationships
between physical, emotional, and cognitive symptoms. For each model, I first report the variance
estimates, which are considered meaningful if they are at least three times as large as their
posterior standard deviation (Asparouhov & Muthen, 2022). I also used individual-level
estimates (i.e., random effects) from the ML-DSEM model to visualize variability and report the

proportion of participants with a significant estimate (95% CI does not contain zero).

As reported in Table 2 and visualized in Figure 3, all covariances showed substantial
between-person variability. Most participants (n = 87, 92%) showed a significant positive
covariance between pain severity and pain interference. The majority of participants also
exhibited significant positive covariances between pain variables (severity and interference) and

catastrophizing (n = 74-76, 78-80%). However, only about half of participants exhibited a
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significant positive covariance of depressed mood with pain severity (n = 50, 53%) or

interference (n = 48, 54%).

Few participants exhibited significant lagged relationships between pain and depressed
mood. Pain severity positively predicted depressed mood for 3 participants and negatively
predicted depressed mood for 1 participant. There was greater variability for lagged relationships
with catastrophizing. For example, lag-1 pain interference significantly predicted catastrophizing
and vice versa for 24% of participants (n = 23). Notably however, only 10 participants had a
significant path in both directions. Lag-1 catastrophizing also significantly predicted pain
severity for 18 participants and depressed mood for 14 participants. On average, each participant

had 7 significant paths (SD = 2.7, Range: 1-16).
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Table 2. Variability in individual-level paths

Variance Posterior 93%
Parameter ) Credible n %
Estimate SD
Interval

Pain/Interference Covariance 0.133 0.023  0.097 - 0.188 87 91.58
Interference = Pain 0.022 0.008  0.011-0.042 24 25.26
Pain = Interference 0.015 0.005  0.008 - 0.028 12 12.63
Pain/Depressed Mood Covariance 0.040 0.009  0.026 - 0.062 50 52.63
Depressed Mood = Pain 0.028 0.012  0.011-0.059 2 2.11
Pain - Depressed Mood 0.003 0.002  0.001 - 0.007 3 3.16
Interference/Depressed Mood 0.092 0018 0065-0.133 * 48  53.93
Covariance

Depressed Mood > Interference 0.049 0.014  0.028 - 0.084 6 6.74
Interference = Depressed Mood® 0.001 0.000  0.001 - 0.001 -- --
Pain/Catastrophize Covariance 0.135 0.023  0.097-0.189 76 80.00
Catastrophize - Pain 0.024 0.008  0.012-0.043 18 18.95
Pain = Catastrophize 0.011 0.004 0.006 - 0.02 10 10.53
Interference/Catastrophize 0.150  0.026 0.109-0209 * 74  77.89
Covariance

Catastrophize = Interference 0.027 0.007  0.016 - 0.043 23 24.21
Interference = Catastrophize 0.033 0.008  0.021 - 0.051 23 24.21
Depre'ssed Mood/Catastrophize 0.001 0.000 0.001-0.001 3 3
Covariance®

Catastrophize = Depressed Mood 0.012 0.003 0.008-0.019 14 15.73
Depressed Mood = Catastrophize®*  0.001 0.000 0.001-0.001 - --

n = number significant in hypothesized (positive) direction; % = percent significant in

hypothesized (positive) direction.

®These paths were constrained to be fixed across participants to improve convergence.
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Figure 3. Variability in individual-level parameter estimates. This plot shows an estimate of within-person contemporaneous and
prospective relationships for each participant. Each dot represents an individual’s standardized median estimate. Blue dots have a 95%
credible interval that does not contain zero, suggesting the estimate is significantly different from zero. / = contemporaneous
covariance; = = lagged effect. Interference 2 Depressed Mood, Depressed Mood = Catastrophize, and Depressed
Mood/Catastrophize paths were constrained to be fixed across participants to improve convergence.
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Hypothesis 2: Individual-level paths will vary based on demographic and clinical
moderators.

Associations between the strength of individual-level paths and demographic and clinical
characteristics are displayed in Figure 4. In partial support of hypothesis H2a, only the
covariance between depressed mood and pain interference was positively associated with
depression symptom severity (» = .27, p = .013) and pain intensity (» = .35, p <.001) assessed at
baseline. Contrary to hypothesis H2b, no individual-level relationships between pain and mood
were associated with age or gender. Finally, in partial support of hypothesis H2c, PROMIS
anxiety was positively associated with the covariance between depressed mood and pain
interference (» = .35, p = .001). Trait-like catastrophizing reported on the PCS was also
positively associated with the covariance between interference and depressed mood (r = .25, p =
.020), as well as the covariance between depressed mood and pain severity (r = .21, p = .045).
Finally, a greater tendency to suppress emotions as reported on the ERQ was associated with a
lesser tendence for depressed mood to predict increased interference at the next time point (r = -

22, p = .041).

Although the pre-registered analysis plan only included paths between depressed mood
and pain in this hypothesis, I did find additional associations between demographic and clinical
characteristics and individual-level paths involving momentary catastrophizing. Specifically, age
was negatively associated with the covariance between pain severity and catastrophizing (» = -
.20, p = .047), the covariance between pain interference and catastrophizing (» = -.26, p = .011),
and the degree to which increased pain predicted increased catastrophizing (r = -.22, p = .029).
The degree to which increased pain predicted increased catastrophizing was also positively

associated with trait-like catastrophizing reported on the PCS (» = .30, p = .003). These findings
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are considered exploratory given that they were not pre-registered.
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Figure 4. Pairwise correlations between individual-level estimates and demographic and clinical
characteristics. Only significant relationships (p < .05) are displayed. PHQ = Patient Health
Questionnare-9; PROMIS = Patient-Reported Outcomes Measurement Information System;
ERQ = Emotion Regulation Questionnaire; PCS = Pain Catastrophizing Scale
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Finally, I examined associations between number of significant paths and demographic
and clinical characteristics. As shown in Figure 5, participants with more significant paths
exhibited worse preoperative physical function ( = -.25, p =.015) and greater preoperative pain
interference, depressive symptoms, catastrophizing, and anxiety (rs = .22-.23, ps <.05). The
associations between number of paths and pain intensity was not significant (» = .15, p = .148),

nor did number of significant paths vary by age or gender.
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Figure 5. Association between number of significant paths from individual-level estimates and
demographic and clinical characteristics. PROMIS = Patient-Reported Outcomes Measurement
Information System; PHQ = Patient Health Questionnaire-9; PCS = Pain Catastrophizing Scale
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Exploratory Aim 1: Relationships between Activity and EMA

As an exploratory aim, I also used two-variable ML-DSEM models to assess dynamic
relationships between physical activity (i.e., step count), pain, interference, depressed mood, and
catastrophizing. Similar to the models above, these analyses were conducted as two-variable
models that included autoregressive and time-related effects.

For individuals on average, increased steps in the hour prior to EMA was associated with
increased pain severity (f = 0.107), pain interference (f = 0.063), and catastrophizing (5 = 0.052,
ps <.001). Increased activity was not significantly associated with subsequent depressed mood
(B =-0.005, p =.357). In the opposite direction, increased pain, interference, catastrophizing, and
depressed mood were not associated with subsequent increases or decreases in activity for

individuals on average.

Variability. Based on individual-level estimates, the parameter with the greatest
between-person variability was activity predicting subsequent pain. For 28% of participants (n =
22), there was a significant positive relationship, such that increased steps in the hour prior to
EMA predicted increased pain reports. For one individual, increased steps were associated with
decreased subsequent pain, and the remaining participants did not have a significant relationship
between step count and subsequent pain. Figure 6 provides a visualization of the time series data
from the participant who showed a negative association between steps and pain (A), a participant
who showed no association between steps and pain (B), and a participant who showed a positive

relationship between steps and subsequent pain (C).

Associations between step count and other subjective variables were somewhat less

variable across individuals. Increased steps in the hour prior to EMA significantly predicted
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increased pain interference for 13% of participants (n = 10) and increased catastrophizing for 8%

of participants (n = 6). For two participants, increased steps predicted decreased depressed mood.

Although EMA variables were not significant predictors of subsequent activity for
individuals on average, there were still a few individuals who showed significant effects.
Specifically, for 4% of participants (n = 3), increased pain interference was associated with
increased subsequent steps, and for 1 individual, increased pain severity was associated with

increased subsequent steps.

Moderators. Activity predicted subsequent catastrophizing more strongly among women
(M =0.03, SD =0.03) as compared to men (M = 0.02, SD = 0.03), #(75.95) =-2.39, p = .019.
Activity also predicted subsequent interference more strongly among women (M = 0.04, SD =
0.03) as compared to men (M = 0.02, SD = 0.03), #(73.85) =-2.29, p = .025. Age was positively
associated with the degree to which pain severity and interference predicted subsequent steps (»
=.24-.26, ps < .05). Finally, individuals for whom activity more strongly predicted subsequent
catastrophizing were also likely to experience greater pain intensity (» = .33, p =.004) and pain

catastrophizing at baseline (r = .26, p = .024).
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Exploratory Aim 2: Associations with Surgical Outcomes

Finally, I examined whether any of the dynamic relationships described thus far were
associated with surgical outcomes. Of 95 participants, 79 (83%) provided 1-month outcomes
data (n = 69, 87% of those with Fitbit data). On average, participants reported a 6.8-point
improvement in pain interference (SD = 8.8).

In contrast to Hypothesis 4a, only one dynamic predictor derived from preoperative EMA
was associated with postoperative improvement in pain interference: Individuals with a stronger
covariance between pain severity and interference were likely to report greater improvements in
pain interference post-operatively (» =-.27, p = .015). In contrast to Hypothesis 4b, stronger
dynamic relationships from subjective variables (pain, catastrophizing, depressed mood) to
activity were not associated with postoperative improvement in pain interference (rs = -.21 - -

.04, ps > .05). As noted above, there was limited variability in these effects across individuals.

However, as shown in Figure 7A, dynamic relationships between activity and subsequent
subjective reports emerged as larger and more robust predictors of postoperative changes in pain
interference. In support of Hypothesis 4c, I observed greater postoperative improvements in pain
interference among individuals for whom increased activity was more strongly associated with
subsequent pain interference (» = -.40, p < .001), pain severity (» =-.39, p <.001), and
catastrophizing (r = -.36, p = .003) preoperatively. As shown in Figure 7B, individuals for whom
increased steps significantly predicted subsequent increased pain had marginally greater
postoperative improvement in pain interference (M = -10.22, SD = 8.8) as compared to
individuals who did not exhibit this effect (M = -5.46, SD = 8.38), #(31.16) = 2.03, p = .051.
Other paths were not examined categorically due to low numbers of participants with statistically

significant paths.
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Figure 7. Associations between dynamic effects involving consequences of activity and
postoperative improvement in pain interference.
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Discussion

The goal of this study was to identify biopsychosocial mechanisms of CBP that might
improve understanding and prediction of which treatments are most likely to maximize benefit
and minimize risk for a given patient. In a sample of patients with CBP receiving spine surgery, |
found substantial heterogeneity in dynamic, within-person relationships between physical,
emotional, and cognitive symptoms. In contrast to my pre-registered hypotheses, these individual
differences were not robustly associated with severity of pain-related or psychosocial symptoms
pre-surgically. However, the strength of dynamic relationships between physical activity and
subsequent subjective reports of pain, interference, and catastrophizing were predictive of
postsurgical improvement in pain interference. Implications of these findings for precision pain

medicine are discussed below.

First, this study is the first to my knowledge to empirically test the cognitive-behavioral
model of CBP using dynamic data. Numerous biopsychosocial theories have posited that pain is
bidirectionally associated with physical, emotional, and cognitive symptoms (Gatchel, 2004;
Rudy et al., 1988; Turk et al., 1983). In the current study, I tested these bidirectional associations
using EMA and Fitbit data. At the same occasion (e.g., contemporaneously), increased pain
severity was indeed associated with increased depression mood, catastrophizing, and interference
for individuals on average. Increased activity in the hour prior to EMA was also associated with
increased pain, interference, and catastrophizing for individuals on average. However, activity
was not clearly associated with subsequent depressed mood, nor did any subjective symptoms

prospectively predict activity at the group level.

38



For the subjective variables, most exhibited bidirectional relationships over 3-hour lags
(e.g., increased pain predicted increased catastrophizing at the next assessment, and vice versa).
However, there was an important exception: Pain inferference, but not pain severity, was
bidirectionally associated with increased depressed mood over 3-hour lags. For several decades,
cognitive-behavioral models of chronic pain have suggested that pain leads to depression through
internal factors such as perceived life interference, perceived control, and maladaptive thoughts
(Rudy et al., 1988; Turk et al., 1995; Wood et al., 2013). Here, we see evidence for several of
these relationships at the group level. For example, pain severity predicted subsequent
interference, which predicted subsequent depressed mood. Pain severity also predicted
subsequent catastrophizing, which predicted subsequent depressed mood. Given that prior tests
of these theories have been overwhelmingly cross-sectional, it is important to see these effects
from dynamic data. Future studies should examine whether internal factors indeed dynamically

mediate associations between pain and depressed mood (c.f., McNeish & Mackinnon, 2022).

Regarding my first primary hypothesis, I did find evidence of individual differences in
dynamic relationships among physical, emotional, and cognitive symptoms. Both the strength
and direction of relationships among activity, pain, interference, catastrophizing, and depressed
mood varied across individuals. No lagged relationships were statistically significant for > 28%
of participants. Many, including prospective relationships between pain and depressed mood,
were significant for very few individuals. These findings are consistent with prior warnings that
group-level or fixed effects may not be representative of many individuals in the group (Barlow
& Nock, 2009; Fisher et al., 2018; Hamaker, 2012; Levine et al., 1992). Consequently, treatment
decisions that are made based on what is true of the group on average may not have the intended

effects on within-person processes.
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It is possible, however, that such heterogeneity will be useful for tailoring treatment to
the individual. In the current study, there was some evidence that individual differences in
dynamic relationships among physical, emotional, and cognitive symptoms were associated with
hypothesized patient characteristics or surgical outcomes. For example, the covariance between
depressed mood and pain interference was positively associated with severity of depression,
anxiety, catastrophizing, and pain intensity. Although these effects are consistent with

biopsychosocial theories of CBP, they were not associated with surgical outcomes.

Over the past 15 years, the network theory of psychopathology has gained significant
popularity as a potential means of understanding psychological disorders (Robinaugh et al.,
2020). This theory suggests that disorders such as depression arise from causal relationships
among symptoms (Borsboom & Cramer, 2013; Cramer et al., 2016). As such, individuals with
stronger relationships among symptoms should exhibit worse symptom severity, and networks
should become less dense with effective treatment. Unfortunately, the empirical evidence for this
theory has been highly mixed (Pe et al., 2015; Schweren et al., 2018; Shin et al., 2022), leading
to concerns over whether such methods can be used to uncover causal relationships as hoped
(Huang et al., 2023; Ryan et al., 2022). The results of the current study add to these mixed
findings. On the one hand, some dynamic effects, such as the covariance between pain severity
and depressed mood, were associated with severity of depressive and pain symptoms.
Additionally, individuals with more significant paths exhibited somewhat worse psychosocial
and physical functioning pre-surgically. However, these effects were generally small and absent

for many of my preregistered specific hypotheses.

Importantly, it is possible that such associations do exist, but that the current models were

insufficient to uncover the underlying causal system. The models I constructed were based on
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verbal theories, which describe hypothesized relationships using words. Although verbal theories
are the norm in psychology, other fields such as ecology and physics rely on much more precise
formal theories expressed using mathematical or computational models (Robinaugh et al., 2021;
Smaldino, 2017). The problem with verbal theories is that they are subject to many
interpretations. For example, over what time scale do we expect pain to affect depressed mood,
or vice versa? Is this time scale consistent across individuals? Does it vary across contexts? What
size effects do we expect? These are difficult questions that lack simple solutions. However, they
are critical to study design, as data collected every 3 hours will be insufficient to uncover effects
the occur over shorter time scales (Haslbeck & Ryan, 2022). It is also extremely difficult to

determine whether data support or refute a theory if the theory itself is unclear.

On the other hand, the results of the current study offer optimism regarding the utility of
combining subjective and passively collected objective data to improve understanding and
prediction of treatment outcomes. Dynamic relationships between activity and subsequent
subjective reports emerged as larger and more robust predictors of postoperative changes in pain
interference. In support of my exploratory hypothesis, I observed greater postoperative
improvements in pain interference among individuals for whom increased activity was more

strongly associated with subsequent pain severity, interference, and catastrophizing.

Incorporating passively collected data has several advantages in this context. First,
passive data is more accurate than subjective reports if the construct of interest can be measured
objectively. That is, pain is an inherently subjective experience (Merskey & Bogduk, 1986), and
should therefore continue to be measured using self-report. However, activity variables such as
step count can be measured objectively using wearable devices, and this measurement is less

subject to recall bias than self-report (VandeBunte et al., 2022). Objective assessment also
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reduces concerns that participants may respond differently to one another, or across contexts, as
data are collected in the same way across individuals and across time. Additionally, passive data
allows for greater flexibility in addressing issues such as time scale, as data are continuously
collected and can be examined across a range of timescales. In this way, objective data increase
flexibility and confidence in our ability to uncover causal relationships, contributing to their

utility for precision medicine.

The current study had several strengths. First, I used multiple modalities of assessments,
including one-time self-report, EMA, and passively collected wearable data in a treatment-
seeking sample of adults with CBP. EMA and passive data collection provided a very large
number of assessments, which I could then use to empirically test dynamic relationships between
physical, emotional, and cognitive components of CBP. Prior examinations of biopsychosocial
theories of CBP have been overwhelmingly cross-sectional, which precludes our ability to draw
conclusions about causality (Cole & Maxwell, 2003; Maxwell et al., 2011; Maxwell & Cole,
2007; McNeish & Mackinnon, 2022; Preacher, 2015). I also used statical approaches that
allowed me to examine individual differences in these dynamic relationships. Whereas
traditional multi-level approaches allow for estimation of group-level effects and variability from
such effects based on fewer data points per person, such estimates are subject to bias when
individuals vary from one another or within themselves over time, both of which are common in
symptoms relevant to CBP (Mak & Schneider, 2020; Stone et al., 2005; Wright & Woods, 2020).

Dynamic structural equation modeling reduces such biases (Asparouhov et al., 2018b).

There are also limitations. All participants were recruited from a single academic hospital
system in the Midwest, and the sample was overwhelmingly White and non-Hispanic. Spine

surgery tends to be more common among White individuals (Marquez-Lara et al., 2014;
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Sielatycki et al., 2015). Nonetheless, it is critical to replicate these results in diverse samples,
especially given evidence that biopsychosocial mechanisms may differ between racial and ethnic
groups (Meints et al., 2019). Participants were also only included if they owned a smartphone
and agreed to complete EMA. It is possible that participants who agreed to this protocol differ
from the larger population of individuals with CBP. In particular, the current sample had lower
depression symptom severity than often reported in CBP samples (Currie & Wang, 2004).
Relatedly, EMA of depressed mood was highly positively skewed. Normality is an assumption
of DSEM, and the implications of violating that assumption are unclear. It is therefore important
for future work to dynamically test antecedents and consequences of depressed mood among
individuals with greater depressive symptoms. It is also important for future work to examine the

predictive utility of dynamic features over longer time periods.

Finally, this study leaves several open questions for future research. In the current study,
the most robust predictors of spine surgery outcomes were dynamic relationships between step
count and subsequent pain, interference, and catastrophizing. It is extremely common for patients
with CBP to avoid physical activity because they are afraid movement will exacerbate pain
(Crombez et al., 2012; Meulders, 2019). However, the results of this study show that for over
two-thirds of patients receiving spine surgery, increased steps did not dynamically predict
increased pain. Furthermore, these individuals were at greater risk for poor surgical outcomes.
Given difficulties in determining whether degenerative physiological findings are the cause of
CBP (Brinjikji et al., 2015; Hall et al., 2021), dynamic relationships between activity and
subjective experience could serve as an important tool for determining who is at risk for poor
outcomes after spine surgery. These data could also provide data-driven education for patients

considering spine surgery and potentially suggest adjunctive psychosocial interventions. That is,
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in many cases, dynamic data could provide counterevidence to patient beliefs that being more
active increases pain. Importantly, step count is only one facet of activity, and it is possible that
for some individuals, other physical exertions (e.g., lifting or bending) increased pain. As
wearable technology continues to evolve, it will be critical to develop new and innovative
features that can dynamically capture potential triggers in patients’ daily lives. Dynamic data
could also be used to identify patient-specific psychosocial drivers of pain (e.g., catastrophizing)

that can potentially be addressed using brief, targeted interventions.

Overall, the results of the current study add to a growing body of literature suggesting
that individuals differ from one another in biopsychosocial mechanisms involved in CBP. This
study also adds unique findings that some individual differences in dynamic relationships
between physical, emotional, and cognitive symptoms are associated with symptom severity and
surgical outcomes. There is significant potential for dynamic relationships, particularly those
involving objective variables, to be harnessed to develop and test precision interventions for

chronic back pain.
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Appendix A. EMA Items

Please rate each item on a scale from 0 (none) to 100 (worst possible) based on how you feel
right now (that is, right before you started answering these questions).

1. How intense is your back pain?

2. How intense is your leg pain?

3. How intense is your overall pain?

4. How much is pain interfering with your enjoyment of life?

5. How much is pain interfering with your activities?

6. How much is pain interfering with your ability to concentrate?
7. How depressed are you feeling?

8. How hopeless are you feeling?

0. How worthless are you feeling?

10.  Ikeep thinking about how much I hurt.
11. My pain overwhelms me.
12. I am afraid that my pain will get worse.

[During the last survey questionnaire of the day]

1. How many of your opioid pills did you take on an “as-needed” basis today?

45



References Cited

Ader, D. N. (2007). Developing the Patient-Reported Outcomes Measurement Information
System (PROMIS). Medical Care, 45(5), S1.
https://doi.org/10.1097/01.mlr.0000260537.45076.74

Arnow, B. A., Hunkeler, E. M., Blasey, C. M., Lee, J., Constantino, M. J., Fireman, B., Kraemer,
H. C., Dea, R., Robinson, R., & Hayward, C. (2006). Comorbid depression, chronic pain,
and disability in primary care. Psychosomatic Medicine, 68(2), 262—268.
https://doi.org/10.1097/01.psy.0000204851.15499.fc

Ashley, E. A. (2015). The precision medicine initiative. JAMA, 313(21), 2119.
https://doi.org/10.1001/jama.2015.3595

Asparouhov, T., Hamaker, E. L., & Muthén, B. (2018a). Dynamic structural equation models.
Structural Equation Modeling, 25(3), 359-388.
https://doi.org/10.1080/10705511.2017.1406803

Asparouhov, T., Hamaker, E. L., & Muthén, B. (2018b). Dynamic structural equation models.
Structural Equation Modeling, 25(3), 359-388.
https://doi.org/10.1080/10705511.2017.1406803

Asparouhov, T., & Muthen, B. (2022). Practical Aspects of Dynamic Structural Equation
Models. http://www.statmodel.com/download/PDSEM.pdf

Baber, Z., & Erdek, M. (2016). Failed back surgery syndrome: Current perspectives. Journal of
Pain Research, Volume 9, 979-987. https://doi.org/10.2147/JPR.S92776

Bair, M. J., Wu, J., Damush, T. M., Sutherland, J. M., & Kroenke, K. (2008). Association of

depression and anxiety alone and in combination with chronic musculoskeletal pain in

46



primary care patients. Psychosomatic Medicine, 70(8), 890—897.
https://doi.org/10.1097/PSY.0b013e318185c510

Barlow, D. H., & Nock, M. K. (2009). Why can’t we be more idiographic in our research?
Perspectives on Psychological Science, 4(1), 19-21. https://doi.org/10.1111/j.1745-
6924.2009.01088.x

Beecher, H. K. (1959). Generalization from pain of various types and diverse origins. Science,
130(3370), 267-268.

Beneciuk, J. M., Robinson, M. E., & George, S. Z. (2015). Subgrouping for patients with low
back pain: A multidimensional approach incorporating cluster analysis & the STarT back
screening tool. The Journal of Pain : Official Journal of the American Pain Society,
16(1), 19-30. https://doi.org/10.1016/.jpain.2014.10.004

Bernard, S. A., Chelminski, P. R., Ives, T. J., & Ranapurwala, S. I. (2018). Management of pain
in the United States—A brief history and implications for the opioid epidemic. Health
Services Insights, 11, 1178632918819440. https://doi.org/10.1177/1178632918819440

Borsboom, D., & Cramer, A. O. J. (2013). Network analysis: An integrative approach to the
structure of psychopathology. Annu. Rev. Clin. Psychol, 9, 91-121.
https://doi.org/10.1146/annurev-clinpsy-050212-185608

Boudreau, D., Von Korff, M., Rutter, C. M., Saunders, K., Ray, G. T., Sullivan, M. D.,
Campbell, C. 1., Merrill, J. O., Silverberg, M. J., Banta-Green, C., & Weisner, C. (2009).
Trends in long-term opioid therapy for chronic non-cancer pain. Pharmacoepidemiology
and Drug Safety, 18(12), 1166—1175. https://doi.org/10.1002/pds.1833

Brinjikji, W., Luetmer, P. H., Comstock, B., Bresnahan, B. W., Chen, L. E., Deyo, R. A., Halabi,

S., Turner, J. A., Avins, A. L., James, K., Wald, J. T., Kallmes, D. F., & Jarvik, J. G.

47



(2015). Systematic Literature Review of Imaging Features of Spinal Degeneration in
Asymptomatic Populations. American Journal of Neuroradiology, 36(4), 811-816.
https://doi.org/10.3174/ajnr.A4173

Broderick, J. E., Keefe, F. J., Schneider, S., Junghaenel, D. U., Bruckenthal, P., Schwartz, J. E.,
Kaell, A. T., Caldwell, D. S., McKee, D., & Gould, E. (2016). Cognitive behavioral
therapy for chronic pain is effective, but for whom? PAIN, 157(9), 2115.
https://doi.org/10.1097/;.pain.0000000000000626

Center for Drug Evaluation and Research. (2023, March 30). Timeline of Selected FDA Activities
and Significant Events Addressing Substance Use and Overdose Prevention. FDA; FDA.
https://www.fda.gov/drugs/information-drug-class/timeline-selected-fda-activities-and-
significant-events-addressing-substance-use-and-overdose

Centers for Disease Control and Prevention (CDC). (2011). Vital signs: Overdoses of
prescription opioid pain relievers---United States, 1999--2008. MMWR. Morbidity and
Mortality Weekly Report, 60(43), 1487—-1492.

Chan, C., & Peng, P. (2011). Failed Back Surgery Syndrome. Pain Medicine, 12(4), 577—606.
https://doi.org/10.1111/j.1526-4637.2011.01089.x

Chen, J. A., Anderson, M. L., Cherkin, D. C., Balderson, B. H., Cook, A. J., Sherman, K. J., &
Turner, J. A. (2023). Moderators and Nonspecific Predictors of Treatment Benefits in a
Randomized Trial of Mindfulness-Based Stress Reduction vs Cognitive-Behavioral
Therapy vs Usual Care for Chronic Low Back Pain. The Journal of Pain, 24(2), 282-303.

https://doi.org/10.1016/j.jpain.2022.09.014

48



Cicero, T. J., Inciardi, J. A., & Muioz, A. (2005). Trends in Abuse of OxyContin® and Other
Opioid Analgesics in the United States: 2002-2004. The Journal of Pain, 6(10), 662—672.
https://doi.org/10.1016/j.jpain.2005.05.004

Cole, D. A., & Maxwell, S. E. (2003). Testing mediational models with longitudinal data:
Questions and tips in the use of structural equation modeling. Journal of Abnormal
Psychology, 112(4), 558.

Collins, F. S., & Varmus, H. (2015). A new initiative on precision medicine. New England
Journal of Medicine, 372(9), 793-795. https://doi.org/10.1056/NEJMp1500523

Cramer, A. O., van Borkulo, C. D., Giltay, E. J., van der Maas, H. L., Kendler, K. S., Scheffer,
M., & Borsboom, D. (2016). Major depression as a complex dynamic system. PLOS
ONE, 11. https://doi.org/10.1371/journal.pone.0167490

Crombez, G., Eccleston, C., Van Damme, S., Vlaeyen, J. W. S., & Karoly, P. (2012). Fear-
Avoidance Model of Chronic Pain: The Next Generation. The Clinical Journal of Pain,
28(6), 475. https://doi.org/10.1097/AJP.0b013e3182385392

Crombez, G., Vlaeyen, J. W. S., Heuts, P. H. T. G., & Lysens, R. (1999). Pain-related fear is
more disabling than pain itself: Evidence on the role of pain-related fear in chronic back
pain disability. Pain, 80(1-2), 329-339. https://doi.org/10.1016/S0304-3959(98)00229-2

Currie, S. R., & Wang, J. (2004). Chronic back pain and major depression in the general
Canadian population. Pain, 107(1), 54—60. https://doi.org/10.1016/j.pain.2003.09.015

Darnall, B. D., Sturgeon, J. A., Cook, K. F., Taub, C. J., Roy, A., Burns, J. W., Sullivan, M., &
Mackey, S. C. (2017). Development and validation of a Daily Pain Catastrophizing Scale.

The Journal of Pain, 18(9), 1139-1149. https://doi.org/10.1016/j.jpain.2017.05.003

49



Deyo, R. A., & Mirza, S. K. (2006). Trends and Variations in the Use of Spine Surgery. Clinical
Orthopaedics and Related Research®, 443, 139.
https://doi.org/10.1097/01.bl0.0000198726.62514.75

Deyo, R. A., Mirza, S. K., Turner, J. A., & Martin, B. 1. (2009). Overtreating chronic back pain:
Time to back off? 22(1), 62—68. https://doi.org/10.3122/jabfm.2009.01.080102

Deyo, R. A., Smith, D. H. M., Johnson, E. S., Donovan, M., Tillotson, C. J., Yang, X., Petrik, A.
F., & Dobscha, S. K. (2011). Opioids for Back Pain Patients: Primary Care Prescribing
Patterns and Use of Services. The Journal of the American Board of Family Medicine,
24(6), 717-727. https://doi.org/10.3122/jabfm.2011.06.100232

Dieleman, J. L., Cao, J., Chapin, A., Chen, C., Li, Z., Liu, A., Horst, C., Kaldjian, A., Matyasz,
T., Scott, K. W., Bui, A. L., Campbell, M., Duber, H. C., Dunn, A. C., Flaxman, A. D.,
Fitzmaurice, C., Naghavi, M., Sadat, N., Shieh, P., ... Murray, C. J. L. (2020). US Health
Care Spending by Payer and Health Condition, 1996-2016. JAMA, 323(9), 863.
https://doi.org/10.1001/jama.2020.0734

Dworkin, R. H., Turk, D. C., Farrar, J. T., Haythornthwaite, J. A., Jensen, M. P., Katz, N. P.,
Kerns, R. D., Stucki, G., Allen, R. R., Bellamy, N., Carr, D. B., Chandler, J., Cowan, P.,
Dionne, R., Galer, B. S., Hertz, S., Jadad, A. R., Kramer, L. D., Manning, D. C., ...
Witter, J. (2005). Core outcome measures for chronic pain clinical trials: IMMPACT
recommendations. Pain, 113(1), 9-19. https://doi.org/10.1016/j.pain.2004.09.012

Edwards, R. R., Schreiber, K. L., Dworkin, R. H., Turk, D. C., Baron, R., Freeman, R., Jensen,
T. S., Latremoliere, A., Markman, J. D., Rice, A. S. C., Rowbotham, M., Staud, R., Tate,
S., Woolf, C. J., Andrews, N. A., Carr, D. B., Colloca, L., Cosma-Roman, D., Cowan, P.,

... Wesselmann, U. (2023). Optimizing and Accelerating the Development of Precision

50



Pain Treatments for Chronic Pain: IMMPACT Review and Recommendations. The
Journal of Pain, 24(2), 204-225. https://doi.org/10.1016/j.jpain.2022.08.010

Ehde, D. M., Dillworth, T. M., & Turner, J. A. (2014). Cognitive-behavioral therapy for
individuals with chronic pain: Efficacy, innovations, and directions for research.
American Psychologist, 69(2), 153—166. https://doi.org/10.1037/a0035747

Emery, M. A., & Akil, H. (2020). Endogenous opioids at the intersection of opioid addiction,
pain, and depression: The search for a precision medicine approach. Annual Review of
Neuroscience, 43(1), 355-374. https://doi.org/10.1146/annurev-neuro-110719-095912

Engel, G. (1977). The need for a new medical model: A challenge for biomedicine. Science,
196(4286), 129—-136.

Fernandes, B. S., Williams, L. M., Steiner, J., Leboyer, M., Carvalho, A. F., & Berk, M. (2017).
The new field of ‘precision psychiatry.” BMC Medicine, 15(1), 80.
https://doi.org/10.1186/s12916-017-0849-x

Fisher, A. J., Medaglia, J. D., & Jeronimus, B. F. (2018). Lack of group-to-individual
generalizability is a threat to human subjects research. Proceedings of the National
Academy of Sciences, 115(27), E6106—E6115. https://doi.org/10.1073/pnas.1711978115

Fiske, A., Wetherell, J. L., & Gatz, M. (2009). Depression in Older Adults. Annual Review of
Clinical Psychology, 5(1), 363-389.
https://doi.org/10.1146/annurev.clinpsy.032408.153621

Fordyce, W. E. (1976). Behavioral methods for chronic pain and illness. Mosby.

Fried, E. 1., & Nesse, R. M. (2015). Depression is not a consistent syndrome: An investigation of
unique symptom patterns in the STAR*D study. Journal of Affective Disorders, 172, 96—

102. https://doi.org/10.1016/j.jad.2014.10.010

51



Frumkin, M. R., Greenberg, J. K., Boyd, P., Javeed, S., Shayo, B., Shin, J., Wilson, E. A., Zhang,
J. K., Sullivan, M. J. L., Haroutounian, S., & Rodebaugh, T. L. (2023). Establishing the
Reliability, Validity, and Prognostic Utility of the Momentary Pain Catastrophizing Scale
for use in Ecological Momentary Assessment Research. The Journal of Pain.
https://doi.org/10.1016/j.jpain.2023.03.010

Frumkin, M. R., & Rodebaugh, T. L. (2021). The role of affect in chronic pain: A systematic
review of within-person symptom dynamics. Journal of Psychosomatic Research, 147,
110527. https://doi.org/10.1016/J.JPSYCHORES.2021.110527

Fuller, D., Colwell, E., Low, J., Orychock, K., Tobin, M. A., Simango, B., Buote, R., Van
Heerden, D., Luan, H., Cullen, K., Slade, L., & Taylor, N. G. A. (2020). Reliability and
validity of commercially available wearable devices for measuring steps, energy
expenditure, and heart rate: Systematic review. JMIR MHealth and UHealth, §(9),
e18694. https://doi.org/10.2196/18694

Gandal, M. J., Leppa, V., Won, H., Parikshak, N. N., & Geschwind, D. H. (2016). The road to
precision psychiatry: Translating genetics into disease mechanisms. Nature
Neuroscience, 19(11), 1397-1407. https://doi.org/10.1038/nn.4409

Gatchel, R. J. (2004). Comorbidity of Chronic Pain and Mental Health Disorders: The
Biopsychosocial Perspective. American Psychologist, 59(8), 795-805.
https://doi.org/10.1037/0003-066X.59.8.795

Gatchel, R. J., Peng, Y. B., Peters, M. L., Fuchs, P. N., & Turk, D. C. (2007). The
biopsychosocial approach to chronic pain: Scientific advances and future directions.

Psychological Bulletin, 133(4), 581-624. https://doi.org/10.1037/0033-2909.133.4.581

52



Grattan, A., Sullivan, M. D., Saunders, K. W., Campbell, C. I., & von Korff, M. R. (2012).
Depression and prescription opioid misuse among chronic opioid therapy recipients with
no history of substance abuse. Annals of Family Medicine, 10(4), 304-311.
https://doi.org/10.1370/afm.1371

Greenberg, J. K., Frumkin, M. R., Javeed, S., Zhang, J. K., Dai, R., Molina, C. A., Pennicooke,
B. H., Agarwal, N., Santiago, P., Goodwin, M. L., Jain, D., Pallotta, N., Gupta, M. C.,
Buchowski, J. M., Leuthardt, E. C., Ghogawala, Z., Kelly, M. P., Hall, B. L., Piccirillo, J.
F., ... Ray, W. Z. (2022). Feasibility and acceptability of a preoperative multimodal
mobile health assessment in spine surgery candidates. Neurosurgery,
10.1227/neu.0000000000002245. https://doi.org/10.1227/neu.0000000000002245

Greenberg, J. K., Javeed, S., Zhang, J. K., Benedict, B., Frumkin, M. R., Xu, Z., Zhang, J.,
Rodebaugh, T. L., Lu, C., Piccirillo, J. F., Steinmetz, M., Ghogawala, Z., Bydon, M., &
Ray, W. Z. (2023). Current and future applications of mobile health technology for
evaluating spine surgery patients: A review. Journal of Neurosurgery: Spine, 1(aop), 1—
10. https://doi.org/10.3171/2022.12.SPINE221302

Gross, J. J., & John, O. P. (2003). Individual differences in two emotion regulation processes:
Implications for affect, relationships, and well-being. Journal of Personality and Social
Psychology, 85(2), 348-362. https://doi.org/10.1037/0022-3514.85.2.348

Gurung, T., Ellard, D. R., Mistry, D., Patel, S., & Underwood, M. (2015). Identifying potential
moderators for response to treatment in low back pain: A systematic review.

Physiotherapy, 101(3), 243-251. https://doi.org/10.1016/j.physi0.2015.01.006

53



Hall, A. M., Aubrey-Bassler, K., Thorne, B., & Maher, C. G. (2021). Do not routinely offer
imaging for uncomplicated low back pain. The BMJ, 372, n291.
https://doi.org/10.1136/bm;j.n291

Hamaker, E. L. (2012). Why researchers should think “within-person”: A paradigmatic rationale.
In M. Mehl & T. Conner (Eds.), Handbook of Research Methods for Studying Daily Life
(pp. 43—-61). The Guilford Press.

Hamaker, E. L., Asparouhov, T., Brose, A., Schmiedek, F., Muthén, B., Taylor, by, & Group, F.
(2018). At the frontiers of modeling intensive longitudinal data: Dynamic structural
equation models for the affective measurements from the COGITO study. Taylor &
Francis, 53(6), 820—841. https://doi.org/10.1080/00273171.2018.1446819

Haslbeck, J. M. B., & Ryan, O. (2022). Recovering Within-Person Dynamics from Psychological
Time Series. Multivariate Behavioral Research, 57(5), 735-766.
https://doi.org/10.1080/00273171.2021.1896353

Heneweer, H., Staes, F., Aufdemkampe, G., van Rijn, M., & Vanhees, L. (2011). Physical
activity and low back pain: A systematic review of recent literature. European Spine
Journal, 20(6), 826—845. https://doi.org/10.1007/s00586-010-1680-7

Hoffman, B. M., Papas, R. K., Chatkoff, D. K., & Kerns, R. D. (2007). Meta-analysis of
psychological interventions for chronic low back pain. Health Psychology, 26(1), 1-9.
https://doi.org/10.1037/0278-6133.26.1.1

Huang, D., Susser, E., Rudolph, K. E., & Keyes, K. M. (2023). Depression networks: A
systematic review of the network paradigm causal assumptions. Psychological Medicine,

53(5), 1665-1680. https://doi.org/10.1017/S0033291723000132

54



Ilgen, M. A., Kleinberg, F., Ignacio, R. V., Bohnert, A. S. B., Valenstein, M., McCarthy, J. F.,
Blow, F. C., & Katz, I. R. (2013). Noncancer pain conditions and risk of suicide. JAMA
Psychiatry, 70(7), 692—697. https://doi.org/10.1001/jamapsychiatry.2013.908

Jensen, M. P., & Turk, D. C. (2014). Contributions of psychology to the understanding and
treatment of people with chronic pain: Why it matters to ALL psychologists. American
Psychologist, 69(2), 105-118. https://doi.org/10.1037/a0035641

Juratli, S. M., Mirza, S. K., Fulton-Kehoe, D., Wickizer, T. M., & Franklin, G. M. (2009).
Mortality After Lumbar Fusion Surgery. Spine, 34(7), 740.
https://doi.org/10.1097/BRS.0b013e31819b2176

Khor, S., Lavallee, D., Cizik, A. M., Bellabarba, C., Chapman, J. R., Howe, C. R., Lu, D., Mohit,
A. A., Oskouian, R. J., Roh, J. R., Shonnard, N., Dagal, A., & Flum, D. R. (2018).
Development and Validation of a Prediction Model for Pain and Functional Outcomes
After Lumbar Spine Surgery. JAMA Surgery, 153(7), 634—642.
https://doi.org/10.1001/jamasurg.2018.0072

Kroenke, K., Spitzer, R. L., & Williams, J. B. W. (2001). The PHQ-9. Journal of General
Internal Medicine, 16(9), 606—613. https://doi.org/10.1046/j.1525-
1497.2001.016009606.x

Lai, M. H. C. (2021). Composite reliability of multilevel data: It’s about observed scores and
construct meanings. Psychological Methods, 26(1), 90.
https://doi.org/10.1037/met0000287

Lee, J.-J., Kim, H. J., Ceko, M., Park, B., Lee, S. A., Park, H., Roy, M., Kim, S.-G., Wager, T.

D., & Woo, C.-W. (2021). A neuroimaging biomarker for sustained experimental and

55



clinical pain. Nature Medicine, 27(1), Article 1. https://doi.org/10.1038/s41591-020-
1142-7

Le-Niculescu, H., Levey, D. F., Ayalew, M., Palmer, L., Gavrin, L. M., Jain, N., Winiger, E.,
Bhosrekar, S., Shankar, G., Radel, M., Bellanger, E., Duckworth, H., Olesek, K., Vergo,
J., Schweitzer, R., Yard, M., Ballew, A., Shekhar, A., Sandusky, G. E., ... Niculescu, A.
B. (2013). Discovery and validation of blood biomarkers for suicidality. Molecular
Psychiatry, 18(12), Article 12. https://doi.org/10.1038/mp.2013.95

Levine, F. M., Sandeen, E., & Murphy, C. M. (1992). The therapist’s dilemma: Using
nomothetic information to answer idiographic questions. Psychotherapy, 29, 410-415.
https://doi.org/0.1037/h0088544

Lumley, M. A., Cohen, J. L., Borszcz, G. S., Cano, A., Radcliffe, A. M., Porter, L. S., Schubiner,
H., & Keefe, F. J. (2011). Pain and emotion: A biopsychosocial review of recent
research. Journal of Clinical Psychology, 67(9), 942—968.
https://doi.org/10.1002/jclp.20816

Magni, G., Moreschi, C., Rigatti-Luchini, S., & Merskey, H. (1994). Prospective study on the
relationship between depressive symptoms and chronic musculoskeletal pain. Pain,
56(3), 289-297. https://doi.org/10.1016/0304-3959(94)90167-8

Mak, H. W., & Schneider, S. (2020). Individual differences in momentary pain-affect coupling
and their associations with mental health in patients with chronic pain. Journal of
Psychosomatic Research, 138, 110227. https://doi.org/10.1016/j.jpsychores.2020.110227

Marquez-Lara, A., Nandyala, S. V., Fineberg, S. J., & Singh, K. (2014). Current trends in

demographics, practice, and in-hospital outcomes in cervical spine surgery: A national

56



database analysis between 2002 and 2011. Spine, 39(6), 476—481.
https://doi.org/10.1097/BRS.0000000000000165

Martin, B. L., Turner, J. A., Mirza, S. K., Lee, M. J., Comstock, B. A., & Deyo, R. A. (2009).
Trends in Health Care Expenditures, Utilization, and Health Status Among US Adults
With Spine Problems, 1997-2006. Spine, 34(19), 2077.
https://doi.org/10.1097/BRS.0b013e3181b1fadl

Maxwell, S. E., & Cole, D. A. (2007). Bias in cross-sectional analyses of longitudinal mediation.
Psychological Methods, 12(1), 23.

Maxwell, S. E., Cole, D. A., & Mitchell, M. A. (2011). Bias in cross-sectional analyses of
longitudinal mediation: Partial and complete mediation under an autoregressive model.
Multivariate Behavioral Research, 46(5), 816—841.

McNeish, D., & Mackinnon, D. P. (2022). Intensive Longitudinal Mediation in Mplus.
Psychological Assessment. https://doi.org/10.1037/met0000536

Meints, S. M., Cortes, A., Morais, C. A., & Edwards, R. R. (2019). Racial and ethnic differences
in the experience and treatment of noncancer pain. Pain Management, 9(3), 317-334.
https://doi.org/10.2217/pmt-2018-0030

Melzack, R., & Wall, P. (1965). Pain mechanisms: A new theory. Science, 150(3699), 971-979.

Merskey, H., & Bogduk, N. (1986). International Association for the Study of Pain Classification
of chronic pain: Descriptions of chronic pain syndromes and definitions of pain terms.
Pain, 3, S1-S226.

Meulders, A. (2019). From fear of movement-related pain and avoidance to chronic pain
disability: A state-of-the-art review. Current Opinion in Behavioral Sciences, 26, 130—

136. https://doi.org/10.1016/j.cobeha.2018.12.007

57



Moayedi, M., & Davis, K. D. (2013). Theories of pain: From specificity to gate control. Journal
of Neurophysiology, 109(1), 5-12. https://doi.org/10.1152/jn.00457.2012

Morley, S., Eccleston, C., & Williams, A. (1999). Systematic review and meta-analysis of
randomized controlled trials of cognitive behaviour therapy and behaviour therapy for
chronic pain in adults, excluding headache. Pain, §0(1), 1-13.
https://doi.org/10.1016/S0304-3959(98)00255-3

Murillo, C., Vo, T.-T., Vansteelandt, S., Harrison, L. E., Cagnie, B., Coppieters, 1., Chys, M.,
Timmers, ., & Meeus, M. (2022). How do psychologically based interventions for
chronic musculoskeletal pain work? A systematic review and meta-analysis of specific
moderators and mediators of treatment. Clinical Psychology Review, 94, 102160.
https://doi.org/10.1016/j.cpr.2022.102160

Muthén, L. K., & Muthén, B. O. (2017). Mplus User’s Guide, Eighth Edition. Muthén &
Muthén.

Niculescu, A. B., Le-Niculescu, H., Levey, D. F., Roseberry, K., Soe, K. C., Rogers, J., Khan, F.,
Jones, T., Judd, S., McCormick, M. A., Wessel, A. R., Williams, A., Kurian, S. M., &
White, F. A. (2019). Towards precision medicine for pain: Diagnostic biomarkers and
repurposed drugs. Molecular Psychiatry, 24(4), 501-522. https://doi.org/10.1038/s41380-
018-0345-5

Nour, M. M, Liu, Y., & Dolan, R. J. (2022). Functional neuroimaging in psychiatry and the case
for failing better. Neuron, 110(16), 2524-2544.
https://doi.org/10.1016/j.neuron.2022.07.005

Okie, S. (2010). A Flood of Opioids, a Rising Tide of Deaths. New England Journal of Medicine,

363(21), 1981-1985. https://doi.org/10.1056/NEJMp1011512

58



Osman, A., Barrios, F. X., Gutierrez, P. M., Kopper, B. A., Merrifield, T., & Grittmann, L.
(2000). The pain catastrophizing scale: Further psychometric evaluation with adult
samples. Journal of Behavioral Medicine, 23(4), 351-365.
https://doi.org/10.1023/A:1005548801037

Osman, A., Barrios, F. X., Kopper, B. A., Hauptmann, W., Jones, J., & O’neill, E. (1997). Factor
structure, reliability, and validity of the pain catastrophizing scale. Journal of Behavioral
Medicine, 20(6), 589—-605. https://doi.org/10.1023/A:1025570508954

Pe, M. L., Kircanski, K., Thompson, R. J., Bringmann, L. F., Tuerlinckx, F., Mestdagh, M.,
Mata, J., Jaeggi, S. M., Buschkuehl, M., Jonides, J., Kuppens, P., & Gotlib, I. H. (2015).
Emotion-network density in Major Depressive Disorder. Clinical Psychological Science,
3(2), 292-300. https://doi.org/10.1177/2167702614540645

Piccinelli, M., & Wilkinson, G. (2000). Gender differences in depression. British Journal of
Psychiatry, 177(6), 486—492. https://doi.org/10.1192/bjp.177.6.486

Preacher, K. J. (2015). Advances in Mediation Analysis: A Survey and Synthesis of New
Developments. Annual Review of Psychology, 66(1), 825-852.
https://doi.org/10.1146/annurev-psych-010814-015258

Preece, D. A., Becerra, R., Robinson, K., & Gross, J. J. (2020). The emotion regulation
questionnaire: Psychometric properties in general community samples. Journal of
Personality Assessment, 102(3), 348-356.
https://doi.org/10.1080/00223891.2018.1564319

Rey, R. (1995). The History of Pain. Harvard University Press.

Robinaugh, D. J., Haslbeck, J. M. B, Ryan, O., Fried, E. 1., & Waldorp, L. J. (2021). Invisible

Hands and Fine Calipers: A Call to Use Formal Theory as a Toolkit for Theory

59



Construction. Perspectives on Psychological Science : A Journal of the Association for
Psychological Science, 16(4), 725—743. https://doi.org/10.1177/1745691620974697

Robinaugh, D. J., Hoekstra, R. H. A., Toner, E. R., & Borsboom, D. (2020). The Network
Approach to Psychopathology: A Review of the Literature 2008-2018 and an Agenda for
Future Research. Psychological Medicine, 50(3), 353-366.
https://doi.org/10.1017/S0033291719003404

Rudy, T. E., Kerns, R. D., & Turk, D. C. (1988). Chronic pain and depression: Toward a
cognitive-behavioral mediation model. In Pain (Vol. 35, pp. 129-140).
https://www.sciencedirect.com/science/article/pii/0304395988902205

Ryan, O., Bringmann, L. F., & Schuurman, N. K. (2022). The Challenge of Generating Causal
Hypotheses Using Network Models. Structural Equation Modeling: A Multidisciplinary
Journal, 29(6), 953-970. https://doi.org/10.1080/10705511.2022.2056039

Schultzberg, M., & Muthén, B. (2018). Number of subjects and time points needed for multilevel
time-series snalysis: A simulation study of Dynamic Structural Equation Modeling.
Structural Equation Modeling, 25(4), 495-515.
https://doi.org/10.1080/10705511.2017.1392862

Schweren, L., van Borkulo, C. D., Fried, E., & Goodyer, I. M. (2018). Assessment of Symptom
Network Density as a Prognostic Marker of Treatment Response in Adolescent
Depression. JAMA Psychiatry, 75(1), 98—100.
https://doi.org/10.1001/jamapsychiatry.2017.3561

Shin, K. E., Newman, M. G., & Jacobson, N. C. (2022). Emotion network density is a potential

clinical marker for anxiety and depression: Comparison of ecological momentary

60



assessment and daily diary. British Journal of Clinical Psychology, 61(S1), 31-50.
https://doi.org/10.1111/bjc.12295

Sielatycki, J. A., Parker, S. L., Godil, S. S., McGirt, M. J., & Devin, C. J. (2015). Do patient
demographics and patient-reported outcomes predict 12-month loss to follow-up after
spine surgery? Spine, 40(24), 1934-1940.
https://doi.org/10.1097/BRS.0000000000001101

Smaldino, P. E. (2017). Models Are Stupid, and We Need More of Them. In Computational
Social Psychology. Routledge.

Steinhaus, M. E., Iyer, S., Lovecchio, F., Khechen, B., Stein, D., Ross, T., Yang, J., Singh, K.,
Albert, T. J., Lebl, D., Huang, R., Sandhu, H., Rawlins, B., Schwab, F., Lafage, V., &
Kim, H. J. (2019). Minimal Clinically Important Difference and Substantial Clinical
Benefit Using PROMIS CAT in Cervical Spine Surgery. Clinical Spine Surgery, 32(9),
392-397. https://doi.org/10.1097/BSD.0000000000000895

Stone, A. A., Broderick, J. E., Junghaenel, D. U., Schneider, S., & Schwartz, J. E. (2016).
PROMIIS fatigue, pain intensity, pain interference, pain behavior, physical function,
depression, anxiety, and anger scales demonstrate ecological validity. Journal of Clinical
Epidemiology, 74, 194-206. https://doi.org/10.1016/J.JCLINEPI.2015.08.029

Stone, A. A., Schwartz, J. E., Broderick, J. E., & Shiffman, S. S. (2005). Variability of
momentary pain predicts recall of weekly pain: A consequence of the peak (or salience)
memory heuristic. Personality and Social Psychology Bulletin, 31(10), 1340—1346.

https://doi.org/10.1177/0146167205275615

61



Sullivan, M. J. L., Bishop, S. R., & Pivik, J. (1995). The pain catastrophizing scale:
Development and validation. Psychological Assessment, 7(4), 524-532.
https://doi.org/10.1037/1040-3590.7.4.524

Tracey, 1., Woolf, C. J., & Andrews, N. A. (2019). Composite Pain Biomarker Signatures for
Objective Assessment and Effective Treatment. Neuron, 101(5), 783—800.
https://doi.org/10.1016/j.neuron.2019.02.019

Treede, R.-D. (2018). The International Association for the Study of Pain definition of pain: As
valid in 2018 as in 1979, but in need of regularly updated footnotes. PAIN Reports, 3(2),
e643. https://doi.org/10.1097/PR9.0000000000000643

Tu, Y., Ortiz, A., Gollub, R. L., Cao, J., Gerber, J., Lang, C., Park, J., Wilson, G., Shen, W.,
Chan, S.-T., Wasan, A. D., Edwards, R. R., Napadow, V., Kaptchuk, T. J., Rosen, B., &
Kong, J. (2019). Multivariate resting-state functional connectivity predicts responses to
real and sham acupuncture treatment in chronic low back pain. Neurolmage: Clinical, 23,
101885. https://doi.org/10.1016/j.nicl.2019.101885

Turk, D. C. (2005). The Potential of Treatment Matching for Subgroups of Patients With
Chronic Pain: Lumping Versus Splitting. The Clinical Journal of Pain, 21(1), 44.

Turk, D. C., Meichenbaum, D., & Genest, M. (1983). Pain and behavioral medicine: A
cognitive-behavioral perspective. Guilford Press.
https://books.google.com/books?hl=en&lr=&id=LmgEkKOOVEwWC&oi=fnd&pg=PA1&d
q=turk+1983+pain&ots=xSdnRuM_Jh&sig=tXrlGIqre-sOmjvKnoyMySejpQY

Turk, D. C., & Monarch, E. S. (2002). Biopsychosocial perspective on chronic pain. In
Psychological approaches to pain management: A practitioner’s handbook, 2nd ed (pp.

3-29). The Guilford Press.

62



Turk, D. C., Okifuji, A., & Scharff, L. (1995). Chronic pain and depression: Role of perceived
impact and perceived control in different age cohorts. Pain, 61(1), 93—101.
https://doi.org/10.1016/0304-3959(94)00167-D

Turner, J. A., Holtzman, S., & Mancl, L. (2007). Mediators, moderators, and predictors of
therapeutic change in cognitive-behavioral therapy for chronic pain. Pain, 127(3), 276—
286. https://doi.org/10.1016/j.pain.2006.09.005

Uhrbrand, P., Helmig, P., Haroutounian, S., Vistisen, S. T., & Nikolajsen, L. (2021). Persistent
Opioid Use After Spine Surgery: A Prospective Cohort Study. Spine, 46(20), 1428.
https://doi.org/10.1097/BRS.0000000000004039

van Middendorp, H., Lumley, M. A., Moerbeek, M., Jacobs, J. W. G., Bijlsma, J. W.J., &
Geenen, R. (2010). Effects of anger and anger regulation styles on pain in daily life of
women with fibromyalgia: A diary study. European Journal of Pain, 14(2), 176—182.
https://doi.org/10.1016/j.ejpain.2009.03.007

Van Zee, A. (2009). The Promotion and Marketing of OxyContin: Commercial Triumph, Public
Health Tragedy. American Journal of Public Health, 99(2), 221-227.
https://doi.org/10.2105/AJPH.2007.131714

VandeBunte, A., Gontrum, E., Goldberger, L., Fonseca, C., Djukic, N., You, M., Kramer, J. H.,
& Casaletto, K. B. (2022). Physical activity measurement in older adults: Wearables
versus self-report. Frontiers in Digital Health, 4, 869790.
https://doi.org/10.3389/fdgth.2022.869790

Vendrig, A. A., & Lousberg, R. (1997). Within-person relationships among pain intensity, mood
and physical activity in chronic pain: A naturalistic approach. Pain, 73(1), 71-76.

https://doi.org/10.1016/s0304-3959(97)00075-4

63



Viniol, A., Jegan, N., Hirsch, O., Leonhardt, C., Brugger, M., Strauch, K., Barth, J., Baum, E., &
Becker, A. (2013). Chronic low back pain patient groups in primary care — A cross
sectional cluster analysis. BMC Musculoskeletal Disorders, 14(1), 294.
https://doi.org/10.1186/1471-2474-14-294

Vlaeyen, J. W. S., & Morley, S. (2005). Cognitive-Behavioral Treatments for Chronic Pain:
What Works for Whom? The Clinical Journal of Pain, 21(1), 1.

Vowles, K. E., McEntee, M. L., Julnes, P. S., Frohe, T., Ney, J. P., & van der Goes, D. N.
(2015). Rates of opioid misuse, abuse, and addiction in chronic pain. Pain, 156(4), 569—
576. https://doi.org/10.1097/01.j.pain.0000460357.01998.f1

Wager, T. D., Atlas, L. Y., Lindquist, M. A., Roy, M., Woo, C.-W., & Kross, E. (2013). An
fMRI-Based Neurologic Signature of Physical Pain. New England Journal of Medicine,
368(15), 1388—1397. https://doi.org/10.1056/NEJMoa1204471

Warner, M., Chen, L. H., & Makuc, D. M. (2009). Increase in Fatal Poisonings Involving
Opioid Analgesics in the United States, 1999-2006: (665272010-001) [Data set].
American Psychological Association. https://doi.org/10.1037/e665272010-001

Wertli, M. M., Rasmussen-Barr, E., Held, U., Weiser, S., Bachmann, L. M., & Brunner, F.
(2014). Fear-avoidance beliefs—a moderator of treatment efficacy in patients with low
back pain: A systematic review. The Spine Journal, 14(11), 2658-2678.
https://doi.org/10.1016/j.spinee.2014.02.033

Wood, B. M., Nicholas, M. K., Blyth, F., Asghari, A., & Gibson, S. (2013). Catastrophizing
Mediates the Relationship Between Pain Intensity and Depressed Mood in Older Adults
With Persistent Pain. The Journal of Pain, 14(2), 149—157.

https://doi.org/10.1016/j.jpain.2012.10.011

64



Wright, A. G. C., & Woods, W. C. (2020). Personalized models of psychopathology. Annual
Review of Clinical Psychology, 16(1), 49-74. https://doi.org/10.1146/annurev-clinpsy-
102419-125032

Yong, R. J., Mullins, P. M., & Bhattacharyya, N. (2022). Prevalence of chronic pain among
adults in the United States. PAIN, 163(2), €328.

https://doi.org/10.1097/;.pain.0000000000002291

65



	Individual Differences in the Cognitive-Behavioral Model of Chronic Back Pain in Patients Receiving Spine Surgery: Towards Precision Phenotypes
	Recommended Citation

	tmp.1722442682.pdf.DaXJX

