Are Nonpharmacologic Interventions for Chronic Low Back Pain
More Cost Effective Than Usual Care? Proof of Concept
Results From a Markov Model
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Study design:   Markov model.

Objective:   Examine the 1-year effectiveness and cost-effectiveness (societal and payer perspectives) of adding nonpharmacologic interventions for chronic low back pain (CLBP) to usual care using a decision analytic model-based approach.

Summary of background data   : Treatment guidelines now recommend many safe and effective nonpharmacologic interventions for CLBP. However, little is known regarding their effectiveness in subpopulations (e.g., high-impact chronic pain patients), nor about their cost-effectiveness.

Methods:   The model included four health states: high-impact chronic pain (substantial activity limitations); no pain; and two others without activity limitations, but with higher (moderate-impact) or lower (low-impact) pain. We estimated intervention-specific transition probabilities for these health states using individual patient-level data from 10 large randomized trials covering 17 nonpharmacologic therapies. The model was run for nine 6-week cycles to approximate a 1-year time horizon. Quality-adjusted life-year weights were based on six-dimensional health state short form scores; healthcare costs were based on 2003 to 2015 Medical Expenditure Panel Survey data; and lost productivity costs used in the societal perspective were based on reported absenteeism. Results were generated for two target populations: (1) a typical baseline mix of patients with CLBP (25% low-impact, 35% moderate-impact, and 40% high-impact chronic pain) and (2) high-impact chronic pain patients.

Results:   From the societal perspective, all but two of the therapies were cost effective (<$50,000/quality-adjusted life-year) for a typical patient mix and most were cost saving. From the payer perspective fewer were cost saving, but the same number was cost-effective. Assuming all patients in the model have high-impact chronic pain increases the effectiveness and cost-effectiveness of most, but not all, therapies indicating that substantial benefits are possible in this subpopulation.

There is more like this @ our:

LOW BACK PAIN Section and the:

COST-EFFECTIVENESS Section and the:
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Conclusion:   Modeling leverages the evidence produced from clinical trials to provide more information than is available in the published studies. We recommend modeling for all existing studies of nonpharmacologic interventions for CLBP.

Level of evidence:   4.

From the FULL TEXT Article:

Introduction

Many safe and effective nonpharmacologic interventions for chronic low back pain (CLBP) are recommended in treatment guidelines. [1–4] Recommended interventions include therapies such as acupuncture, mindfulness-based stress reduction, and yoga. Although these nonpharmacologic therapies have been available to the public for years, many are not part of the healthcare system, prescribed by physicians, nor generally covered by third-party payer plans. In addition, although all recommended therapies are effective, it is unknown whether some are more effective than others, especially for certain patient groups, and their impact on costs.

The effectiveness of each recommended nonpharmacologic therapy is supported by systematic reviews and meta-analyses over dozens of studies. [3, 5–7] In a few cases, these studies directly compare two or more of the recommended therapies, but usually each therapy is studied as adjunct to usual care and compared to usual care alone. Network meta-analysis (NMA, aka multiple or mixed treatment comparisons) is one technique that goes beyond traditional pairwise meta-analysis to allow comparisons and ranking between therapies that were not directly compared in clinical trials. [8–11] However, the application of this technique requires that each therapy be directly compared to at least one comparator also used in another trial, thus, allowing indirect comparisons. Because of its common use, the logical common comparator for most therapies is usual care. However, the substantial variation across studies in what constitutes usual care and the lack of other common comparators lowers the reliability of NMA results. [8]

Decision analytic modeling is another method to synthesize evidence and compare across therapies. [12, 13] Modeling allows consistent inputs to be used across interventions, the simulation of experiments such as head-to-head trials, and the inclusion of economic outcomes even when they were not included in the original studies. [12, 14]

Since each therapy is studied as an addition to usual care, its likely incremental effects in other healthcare settings can be estimated by comparing to the version of usual care used in the trial.

The 2016 US National Pain Strategy (NPS) [15] placed a focus on those with high-impact chronic pain defined as that “associated with substantial restriction of participation in work, social, and self-care activities for six months or more.” [15], p11 Studies have used different algorithms to identify those with high-impact chronic pain, [16–21] and to demonstrate their significantly higher healthcare costs, lower quality of life, worse mood, and increased absenteeism. [18–27] Nevertheless, studies of interventions for chronic pain still report results based on full samples — e.g., average change in symptoms or percent of patients who improve. To better understand chronic pain, better compare study results, and better target interventions, we need to move beyond simple duration of pain definitions (e.g., 3+ months) to identify meaningful chronic pain subtypes. Modeling can then be used to balance the baseline subtype mix of patients across studies and estimate differential treatment effects by subtype (e.g., chronic pain impact level).

Although several economic evaluations of nonpharmacologic therapies for CLBP have been published, [28–34] because economic outcomes are not generalizable across settings, [35] each study’s results can only provide useful information about cost impacts in its country and setting. Modeling is used to adjust inputs and assumptions to adapt study results to other settings. [36]

This study presents the results of a proof-of-concept modeling effort that utilized individual patient-level data from ten randomized studies and the categorization of these study’s participants by chronic pain impact level to estimate the effectiveness and cost-effectiveness of adding recommended nonpharmacologic therapies for CLBP to usual care.

Methods

This study used a Markov simulation model to compare the effectiveness and cost-effectiveness of a set of recommended nonpharmacologic therapies for CLBP. This modeling effort was part of a larger study examining the appropriateness of spinal mobilization and manipulation (M/M) for CLBP. [37, 38] This model was built to provide information to expert panels on the cost-effectiveness of M/M as compared to other nonsurgical interventions for CLBP to see if this information would change their original safety and effectiveness-based ratings of the appropriateness of M/M. To ensure face and construct validity [39] and maximize the model’s usefulness and relevance, [40] we built it with the input of two experts in the use of M/M for CLBP (ELH and HV) and a nine-member panel of expert representatives of the types of policy makers who could use the model’s results.


Figure 1

The model included transition probabilities that moved a hypothetical cohort of patients between four defined health states every 6 weeks for just over a year (Figure 1). One health state was defined as high-impact chronic pain (individuals with substantial activity limitations); [15] one as a healthy, no pain state; and two others were without activity limitations, but with higher (moderate-impact) or lower (low-impact) pain. We estimated intervention-specific transition probabilities for these health states using individual patient-level data from the 10 trials [41–50] covering 17 nonpharmacologic therapies. Trials of M/M and other common nonpharmacologic interventions for CLBP were chosen following these inclusion criteria: large sample sizes (e.g., at least 50 per arm), all (or most) of the subjects experienced CLBP (≥3 months’ duration), at least 6 months follow up, and US-, Canada- or UK-based for ease of acquisition and similar usual care. We also required that the study measured variables that were useful for the estimation of chronic pain impact levels—i.e., measures of pain, function and quality of life. Four trial datasets [41–43, 48] contained direct measure of chronic pain impact level using the Graded Chronic Pain Scale (GCPS): [20, 25, 27, 51, 52] low-impact (Grade I), moderate-impact (Grade II), and high-impact (Grade III/IV) chronic pain. Chronic pain impact levels were estimated for the other datasets using logistic models with excellent predictive power [53] using patients’ pain intensity, Roland-Morris Disability scores, [51, 54] and SF-1255 or SF-3656 items as independent variables. Details on the datasets acquired and the identification of each patient’s health state at baseline and over time are provided elsewhere. [53]


Table 1

Each health state was assigned a quality of life or quality-adjusted life-year (QALY) weight (calculated as the SF-6D [57, 58] score over 6 weeks) and 6-week costs (Table 1). The healthcare costs were estimated from 2003–2015 Medical Expenditure Panel Survey (MEPS, http://meps.ahrq.gov/mepsweb/) data, [59] and represent average US-based 2015 healthcare costs associated with back pain. Estimates of absenteeism and utility were taken from trial data as described elsewhere. [53] Productivity loss was estimated based on patient-reported absenteeism for those employed, and valued using the human capital approach [60] at the US Bureau of Labor Statistics June 2015 national average employer cost of employee compensation for civilian workers of $33.19. [61] The simulation tracked a cohort of hypothetical new CLBP patients over nine 6-week cycles and summed QALY gains and costs to yield estimated 54-week health and cost outcomes.

The resources used in the delivery of the nonpharmacologic interventions and usual care were captured from the information available in each study’s publications. The unit costs for each type of practitioner used were estimated as the average (after trimming the top and bottom 5%) of the costs per visit available in the MEPS. The full list of unit costs and their sources, the information available from each study, and the resulting treatment costs for each therapy are shown in Appendix.

Analysis

For each therapy, the model projected progression across health states based on estimated transition probabilities — i.e., the likelihood that an individual receiving that intervention will stay in their present state or move to another health state for the next 6-week cycle. Transition probabilities were estimated based on actual patient progression through health states in trial data. Nine trials measured outcomes over one year and the other50 went out 6 months. This study’s 6-month outcomes were held constant to 12 months based on the 6–12-month results of another yoga study. [62]

Because each study’s data collection occurred at different intervals, each study’s empirical transition probability matrix was first converted into a weekly matrix by translating the empirical probabilities into weekly rates and then converted into 6-week cycles that could be used in the model. We defined a typical mix of CLBP patients as having the following proportions at baseline: 25% low-impact, 35% moderate-impact, and 40% high-impact chronic pain. These proportions reflect the average baseline mix of patients in the trials used in the model. [53]

The Markov model was run for nine 6-week cycles to approximate a 1-year (54 week) time horizon. As individuals cycled through the health states they accumulated healthcare costs, productivity loss, and QALYs according to the values in Table 1. The model is probabilistic in that the effect of the uncertainty (SEs) of the mean input parameters, and of our estimation of the transition probabilities, was reflected in measures of output uncertainty (e.g., confidence intervals around 1-year costs and QALY gains). [63] Because each intervention was studied as adjunct to usual care, incremental costs and effects for each therapy were calculated net of each study’s version of usual care. The model allows estimation of relative effectiveness and cost-effectiveness across all therapies. However, because these therapies are not equally available and accessible, [64] and may not be equally acceptable to patients, our main results are presented for each therapy compared to usual care, and comparisons across all therapies are presented in the Appendix. Two studies did not include a usual care arm. [48, 65] For each we assigned two US-based usual care options based on the need for similar data collection schedules (see Appendix for details).

Finally, we performed tests of internal consistency (do model input changes have predictable effects on outputs) and external consistency (comparing model results to that shown in published studies). [40] The Markov models were run using TreeAge Pro 2018 R2.1, Williamstown, MA, and other analyses used Microsoft Excel 2016, Redmond, WA.

Results


Table 2


Table 3


Figure 2

Table 2 gives the model’s incremental results compared to usual care for the societal and payer perspectives for a typical mix of chronic low-back pain patients. Table 3 shows the same information assuming all patients start with high-impact chronic pain. Figure 2 graphically displays the incremental point estimates for a typical mix of patients from the societal perspective. The 0,$0 point represents usual care and points below $50,000/QALY (a commonly defined threshold66) are generally considered cost-effective. As can be seen, all interventions but two (Traditional Chinese acupuncture and spinal manipulation assuming the same usual care) are cost-effective, many therapies have similar effectiveness and cost-effectiveness, and most showed cost savings from the societal perspective. The distance between the two versions of each intervention with assigned usual care arms indicates the sensitivity of interventions’ impacts to underlying usual care.

Yoga had the largest effects and cost savings. In fact, in terms of relative cost-effectiveness yoga was dominant — i.e., had lower costs and higher QALY gains than any other intervention (see Appendix). When costs are included from the payer perspective the same interventions are cost-effective, but fewer are cost saving.

When we assume all patients start with high-impact chronic pain, the results are more favorable for many therapies. However, some therapies have less favorable results: cognitive: cognitive behavioral therapy (CBT) educational program, chiropractic care, exercise, multidisciplinary care, and Traditional Chinese medicine (TCM) acupuncture, all had smaller QALY gains and higher costs in the high-impact group than with a typical mix of patients.

All internal consistency checks were successful. Model outputs responded as expected to variations in intervention costs, other healthcare costs, utilities, and transition probabilities. The Appendix contains the results of two tests of external consistency. Even though complete consistency is not expected since the model balanced baseline patient mixes and estimated QALYs, the model’s ranking of within-study functional effectiveness across arms was identical to that seen in the published studies. We also saw a consistent relationship between difference-in-difference estimates of function and incremental QALYs across studies.

Discussion

We present the results of a Markov model that estimates the effectiveness and cost-effectiveness of adding 17 nonpharmacologic interventions for CLBP to usual care. This model provides information beyond what is available from the individual studies, systematic reviews, and meta-analyses. The model estimates comparable results across studies by balancing baseline patient mixes (as would be expected with randomization), and using similar outcome measures (e.g., QALYs based on SF-6D, productivity costs and healthcare costs). Also, because we had patient-level data and were able to categorize patients into chronic pain impact levels to better track outcomes, and we were able to examine the effectiveness and cost-effectiveness of interventions assuming all patients start with one level of chronic pain. These results are useful to the better design and targeting of nonpharmacologic interventions for CLBP, and the use of a common set of US-based cost inputs provides US policy makers with initial estimates of economic impacts.

Our model’s health states were defined by chronic pain impact levels, and the results targeting high-impact chronic pain indicate that the biggest effects and costs for most interventions occur in these activity-limited patients. Given the number of other studies showing worse outcomes for patients with high-impact chronic pain—e.g., significantly higher healthcare costs, lower quality of life, worse mood, and more absenteeism18–27—it is not surprising that these patients would have a different response to treatment. However, this is the first study that examines how their response varies.

As with any Markov model, transition probabilities drive outcomes. Our transition probabilities were calculated from individual trial participants’ transitions through the health states they experienced over the trial year. Healthcare costs are related to patients’ health states, but health outcomes directly determine health states. Therefore, more confidence should be placed in the model’s estimates of QALY gains than of costs. One US cost-effectiveness analysis alongside a randomized trial of mindfulness-based stress reduction (MBSR) and group CBT for CLBP did find QALY gains in the range shown in model results. [31] It also found that MBSR was cost saving from the societal and payer perspectives, and that CBT was cost neutral from the societal and likely cost-effective ($24,000/QALY) from the payer perspective, therefore, our cost estimates are reasonable. Nevertheless, modeling cost results should be interpreted with caution, considered more for their relative than absolute values, and replicated in relevant settings.

Another recent Markov model used three health states (chronic pain, improved pain, and death) to examine the relative effectiveness and cost-effectiveness of cognitive and mind-body therapies for CLBP. [67, 68] That model used 6-month cycles over 5 years, defined improved pain as ≥30% improvement in the RMDQ, and used other estimates for QALYs and healthcare costs as inputs. They concluded that yoga and MBSR offered high value for the money given their effectiveness and cost-effectiveness, acupuncture and CBT for pain offered intermediate value, and all four had evidence adequate to support coverage.

While we believe this model is useful, it is not without limitations. It now includes the results for 10 large randomized trials and 17 nonpharmacologic interventions for CLBP. Many other studies have been done that could be added to increase the information available, and the added studies might include therapies that are not as effective. This model in its present state should be considered a demonstration of how the results of different studies can be compared, and its results should not be used to make decisions. With more examples of each intervention, we could also examine the effect of any differences in protocols across studies. It is possible to use calibration to estimate transition probabilities from published studies when patient-level data are not available. However, confidence in these calibrated results would be lower. We used one measure of chronic pain impact levels to define our health states. There could be other health state definitions or other measures of chronic pain impact that would be more appropriate and better track effects and costs. To obtain estimates of the incremental effects for 3 interventions, we assigned usual care arms from those available from the other studies. We don’t know how close the assigned usual care arms are to the actual usual care underlying those studies, but the range in outcomes generated across the options assigned demonstrates the importance of including a usual care arm if a trial’s results are to be generalizable.

Markov modeling of nonpharmacologic interventions for CLBP is feasible and provides useful information about the effectiveness and cost-effectiveness of these interventions relative to usual care. According to model assumptions these interventions all improve health-related quality of life (QALYs) over usual care, and most, significantly so. In addition, most of these interventions appear cost-effective (and even cost saving) from the payer and societal perspectives, and many of the interventions have their largest impacts on those with high-impact chronic pain. Modeling leverages the investment made in existing trials to provide more useful information than is available from the published studies. We recommend this modeling effort be expanded to include data from all existing studies of nonpharmacologic interventions for chronic low back pain.
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