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A B S T R A C T
Background: Patient-reported outcome measures (PROMs) are becom-
ing increasingly popular in orthopedic surgery. Preoperative and
postoperative follow-up often elicit PROMs in the form of generic
quality-of-life instruments (e.g., Short Form health survey SF-12
[SF-12]) that can be used in economic evaluation to estimate
quality-adjusted life-years (QALYs). However, the timing of postoper-
ative measurement is still under debate. Objectives: To explore the
timing of postoperative PROMs collection and the implications for bias
in QALY estimation for economic evaluation. Methods: We compared
the accuracy of QALY estimation on the basis of utilities derived from
the SF-12 at one of 6 weeks, 3 months, 6 months, and 12 months after
total knee arthroplasty, under different methods of interpolation
between points. Five years of follow-up data were extracted from the
St. Vincent’s Melbourne Arthroplasty Outcomes (SMART) registry (n ¼
484). The SMART registry collects follow-up PROMs annually and
obtained more frequent outcomes on subset of patients (n ¼ 133).
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Results: Postoperative PROM collection at 6 weeks, 6 months, or 12
months biased the estimation of QALY gain from total knee arthro-
plasty by �41% (95% confidence interval [CI] �59% to�22%), 18% (95% CI
4%–32%), and �8% (95% CI �18% to �2%), respectively. This bias was
minimized by collecting PROMs at 3 months postoperatively (6% error;
95% CI �9% to 21%). Conclusions: The timing of PROM collection and
the interpolation assumptions between measurements can bias eco-
nomic evaluation. In the case of total knee arthroplasty, we recommend
a postoperative measurement at 3 months with linear interpolation
between preoperative and postoperative measures. The design of
economic evaluations should consider timing and interpolation issues.
Keywords: PROMs, economic evaluation, timing, total knee
arthroplasty.

Copyright & 2016, International Society for Pharmacoeconomics and
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Introduction

Patient-reported outcome measures (PROMs) are advocated by a
growing range of authors to help measure the value and quality
of orthopedic surgery [1–4]. Rolfson and Malchau [4] suggest that
“the debate is not primarily why or if we should measure PROMs,
but rather how, when and what to measure, and how to interpret
the results.” Although the literature is increasingly investigating
the what [5,6] and how [7,8], there is less discussion of when to
efficiently measure PROMs. This is perhaps because clinical
outcomes are generally evaluated at a point in time after the
patient outcome has stabilized, with the arthroplasty deemed a
success if the change in outcome is greater than some minimum
important difference [4,9]. However, PROMs can also be used for
economic evaluation [10]. Generic instruments such as the Euro-
Qol five-dimensional questionnaire and Short Form health survey
(SF-12) measure health-related quality-of-life (HRQOL) utility
scores, which are used to estimate quality-adjusted life-years
(QALYs) for economic evaluation. QALYs weight any improvement
in HRQOL by duration, and thus measure outcomes over time rather
than at a single point in time. When PROMs are observed is
therefore particularly important for economic evaluation.

To calculate QALY gains from arthroplasty, health economists
will use the HRQOL scores recorded at discrete times to estimate
a continuous HRQOL curve. Assumptions are required about how
the patient’s HRQOL varies between follow-up measurements
and into the future after the final follow-up measurement [11,12].
Such assumptions could bias cost-utility analysis. The methodo-
logical literature notes that when considering uncertainty,
researchers need to consider not only sampling error but also
the error associated with interpolation assumptions [11,12]. In
practice, HRQOL curves can be based on as little as two measure-
ments. Jenkins et al. [13], for example, use one preoperative and
one postoperative measurement to evaluate the cost-utility of
total hip and knee replacement. As Devlin and Appleby [10] note,
“inferring the benefit of treatment from just two observations of
ociety for Pharmacoeconomics and Outcomes Research (ISPOR).
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PROMs makes the timing of the second observation crucial. For
example, collecting PROMs data six months after hip surgery
might miss the time when patients first get back to their usual
activities, as well as giving no real indication of the longer-term
outcomes and durability.”

As the use of PROMs for economic evaluation increases, it is
paramount that they are collected in a manner that maximizes
the information that can be derived from them [14]. This article
examined the timing of PROMs data for economic evaluation.
Specifically, we aimed to show how the timing of HRQOL
measurement can lead to significant bias in QALY estimation,
and to highlight how this bias can be reduced by repositioning
follow-up measurement. We investigate this issue using the
example of total knee arthroplasty (TKA).
Methods

Data Collection

Data for this study were derived from the St. Vincent’s Melbourne
Arthroplasty Outcomes (SMART) registry, which collects clinical
and PROMS data in all patients who undergo elective lower limb
arthroplasty at the institution. Baseline data are prospectively
collected and include patients’ demographic characteristics,
diagnoses, and self-reported comorbidities. Follow-up captures
an extensive range of outcomes, including surgery and
prosthesis-related variables. Patients complete a condition-
specific questionnaire and general health questionnaire (SF-12)
[15] 12 weeks before surgery and annually postoperatively. The
SF-12 and its longer form the 36-item short form health survey
are recognized tools that are used widely for the economic
evaluation of TKA (see, e.g., Fordham et al. [16], Liebs et al. [17],
and Losina et al. [18]), and are widely recorded in arthroplasty
registries around the world [19]. A systematic review by Jones and
Pohar [20] into HRQOL after orthopedic surgery confirmed the use
and construct validity of the SF-12 for economic evaluation of
TKA. Data entry and questionnaire follow-up are completed by a
dedicated registry coordinator. Mortality data are checked against
data from the Registrars of Births, Deaths and Marriages via the
Australian Orthopaedic Association National Joint Replacement
Registry [21]. The SMART registry has been approved by the
Human Research Ethics Committee of St. Vincent’s Hospital
Melbourne (HREC-A 100/14), and informed consent is obtained
before entry onto the registry.
Data

Preoperative and annual postoperative SF-12 scores out to 5 years
were available in 484 patients who underwent primary elective
TKA between January 2006 and December 2007. Within the same
time frame, additional SF-12 scores were collected in a subset of
patients (n ¼ 133) at 6 weeks, 3 months, and 6 months postsur-
gery. These additional follow-ups provided measured data to
more accurately describe the HRQOL path after surgery. This was
used to test the accuracy of QALY gains estimated using just one
follow-up point at 12 months. They were available because of an
otherwise unassociated randomized controlled trial conducted at
the site. Selection into the trial was based on allocation to
participating surgeons and use of a standard prosthesis type
routinely used at the site [22]. The prosthesis offered no improve-
ment in outcomes relative to other prostheses used at the site
[23]. We tested for differences in the characteristics of patients in
the subset and the full cohort.
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QALY Estimation

Results from the SF-12 assessments at each measurement point
were converted into utility scores using the established Brazier
algorithm [24]. An average utility curve, which measures the
mean HRQOL trajectory for the given cohort, is derived by
interpolating between the follow-up measurement points, and
extrapolating to 5 years. The QALY gains from surgery were then
calculated as the “area under the curve” between the estimated
average utility curve and the baseline set at the average preop-
erative utility score. QALY gains after 1 year postsurgery were
discounted at 3% per annum [25].

Generalizing Findings

Bootstrapping was performed to account for potential variation
between the true population average utility curves and the
sample average utility curve calculated from the SMART registry
data. This involved calculating 1000 average utility curves by
sampling at the individual level, and calculating 95% confidence
intervals (CIs) on the bootstrapped results. We used nonpara-
metric bootstrapping specifically to evaluate the statistical sig-
nificance of the population bias within the subset and the full
cohort.

Interpolation Methods

Two typical methods for interpolation between measurement
points were used on the basis of the available TKA literature
[13,16] and wider methodological cost-effectiveness literature
[11,12]:
1.
iver
 Cop
Linear: Assume that the trajectory between any two HRQOL
measurement points is linear (Fig. 1A).
2.
 Immediate: Assume that the HRQOL measurement applies
constantly to the time period before the measurement point;
for example, the HRQOL score measured at 1-year follow-up is
assumed to have accrued immediately after surgery (Fig. 1B).

Figure 1 shows how each interpolation method would apply to
the same set of HRQOL points. The QALY gain measured by each
method is the shaded area under the curve. It varies dramatically
depending on the interpolation method.

Extrapolation Methods

In addition to interpolation between measurement points,
extrapolation assumptions may be required to estimate HRQOL
into the future if the follow-up measurements do not sufficiently
cover the intended study time horizon. In arthroplasty, this
extrapolation is usually relatively simplistic: the final follow-up
measurement will be carried forward into the future (e.g., see
Jenkins et al. [13]), sometimes known as the last-observation-
carried-forward extrapolation [26]. A combination of approaches
can be used within the same evaluation: linear or immediate
interpolation between measurement points, and the last-
observation-carried-forward extrapolation for outcomes past
the follow-up period.

Scenario Analysis

We completed an investigation of the accuracy of the 5-year
QALY gain from TKA under different follow-up timing schedules
and interpolation assumptions. First, we calculated the “true”
QALY gain from TKA using all the HRQOL measurements at 6
weeks, 3 months, 6 months, 1 year, 2 year, 3 year, 4 year, and 5
year with linear interpolation between measurement points. This
provided the base case on which to evaluate potential bias. We
then tested the accuracy of QALY estimation using a single
sity of Melbourne August 09, 2016.
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Fig. 1 – Linear and immediate interpolation. QALY estimation under different interpolation methods. (A) Linear interpolation
between PROMs. (B) Immediate interpolation between PROMs. Shaded area shows estimated QALY gain. PROMs, patient-
reported outcome measures; QALY, quality-adjusted life-year.
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postoperative PROM recorded at one of 6 weeks, 3 months, 6
months, or 12 months. We tested linear versus immediate
interpolation for interpolating between the preoperative and
postoperative PROMs to evaluate whether one particular method
provided a more accurate result. The last-observation-carried-
forward extrapolation was used to estimate HRQOL from the
timing of the PROM to the end of the 5-year evaluation period. We
then repeated the analysis with two rather than one postoper-
ative measurements, adding a further measurement at 12
months (for the 6-week, 3-month, and 6-month initial postoper-
ative measurement) and at 24 months for the 12-month initial
postoperative measurement (Table 1).
Results

Differences between the Subset and the Full Cohort

There were minor differences between the subset and the full
cohort in body mass index and length of stay, but no significant
differences in etiology (over 93% osteoarthritis in both groups) or
other patient or surgery characteristics (Table 2).
Table 1 – Scenario descriptions.

Scenario Interpolation
method

Timing of postoperative
PROM(s)

Reference Linear 6 wk, 3 mo, 6 mo, 1 y, 2 y, 3 y,
4 y, 5 y

1 Linear 6 wk
2 Linear 3 mo
3 Linear 6 mo
4 Linear 12 mo
5 Immediate 6 wk
6 Immediate 3 mo
7 Immediate 6 mo
8 Immediate 12 mo
9 Linear 6 wk, 12 mo
10 Linear 3 mo, 12 mo
11 Linear 6 mo, 12 mo
12 Linear 12 mo, 24 mo

All scenarios use the last-point-carried forward extrapolation to
5 y.
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True QALY Gain from TKA

Average preoperative utility score was 0.57 (95% CI 0.56–0.58).
Average postoperative utility rises quickly to 3 months before
peaking at a utility score of 0.73 (95% CI 0.71–0.76) at 6 months,
and leveling off to 0.70 (95% CI 0.69–0.71) at 5 years postsurgery
(Fig. 2). The true discounted 5-year QALY gain from TKA was 0.62
(95% CI 0.57–0.66) QALYs.

QALY Estimation Using One Postoperative PROM

Using linear interpolation and a postoperative measurement at 6
weeks, the estimate of the QALY gains was 0.36 (95% CI 0.25–0.48),
for an error of �41% relative to the true QALY gains. When the
postoperative measurement was at 3, 6, and 12 months, the
estimated QALY gains were 0.65 (95% CI 0.56–0.76), 0.73 (95% CI
0.64–0.83), and 0.57 (95% CI 0.53–0.61), and the errors were 5%,
18%, and �8%, respectively. Figure 3 shows how the error in QALY
estimation varied depending on the timing of the postoperative
PROM when using linear interpolation.

When using immediate interpolation and a postoperative meas-
urement at 6 weeks, the estimate of the QALY gains was 0.37 (95%
CI 0.25–0.49), for an error of �40% relative to the true QALY gains.
When the postoperative measurement was at 3, 6, and 12 months,
the estimated QALY gains were 0.67 (95% CI 0.58–0.78), 0.77 (95% CI
0.68–0.88), and 0.64 (95% CI 0.59–0.69), respectively.

Error was minimized under both interpolation methods with a
PROM collection at 3 months postsurgery (Fig. 4). Postoperative
measurement at 6 months also overestimated QALY gains under
both interpolation methods. The inclusion of a second postoper-
ative measurement at 12 months reduces the error significantly to
�3%, 1%, and 0% for initial preoperative measurements at 6 weeks,
3 months, and 6 months, respectively. The inclusion of a second
measurement at 24 months when the initial preoperative meas-
urement is at 12 months does not significantly reduce error.
Discussion

Key Results

This research investigated whether the timing of PROMs meas-
urement can bias economic evaluations of TKA. We used a
representative subset of registry patients who had follow-up
measurements at 6 weeks, 3 months, 6 months, and annually
to 5 years postoperatively to estimate the true QALY gain from
TKA. We compared this to QALY gains estimated using a PROM at
iversity of Melbourne August 09, 2016.
 Copyright ©2016. Elsevier Inc. All rights reserved.



Table 2 – Patients’ characteristics.

Characteristic Subset Full cohort Test stat

Observations 133 484
Preoperative quality of life 0.579 � 0.104 0.570 � 0.093 0.376
Age at surgery (y) 68.9 � 8.5 70.0 � 8.4 0.140
Body mass index (kg/m2) 31.0 � 6.1 32.3 � 5.9 0.034
Osteoarthritis etiology, n (%) 124 (93) 453 (94) 0.506
Age-adjusted Charlson comorbidity index, n (%) 0.893
0 73 (55) 255 (53)
1 44 (33) 153 (32)
2 12 (9) 60 (12)
3 4 (3) 14 (3)
4 0 (0) 2 (0)

Length of stay (d) 5.0 � 1.7 5.5 � 2.0 0.020
Discharged on time, n (%) 116 (87) 398 (82) 0.303
Complications during surgery, n (%) 20 (15) 92 (19) 0.323

Results show mean � SD for continuous variables; counts for discrete variables. Test statistic reports P value of t test of equal means for
continuous variables; Fisher exact test of contingency for discrete variables.
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some point in the first 12 months with alternative interpolation
and extrapolation assumptions. Our analysis showed that HRQOL
after TKA increases rapidly for the first 3 months before peaking
at 6 months and stabilizing at a long-term HRQOL level approx-
imately equal to the 3-month point. This meant that linear
interpolation was most accurate when the PROM measurement
was at 3 months (Fig. 3B). Measuring at 6 months underestimated
the HRQOL gains before the 6 months, but overestimated the
gains after 6 months (Fig. 3C), because it assumed that the peak
measured at 6 months continued on into the future, when the
measured trajectory showed a slight deterioration in HRQOL
between 6 and 12 months. Measuring PROMs at 12 months
provided a more realistic appraisal of the longer-term HRQOL
level out to year 5, but missed some of the initial gains accrued in
the first 12 months postoperatively (Fig. 3D). When a second
measurement point at 12 months was added, the error in QALY
estimation was virtually eliminated.
Implications

In the United Kingdom, PROMs are routinely collected for knee and
hip arthroplasty 6 months after surgery [27]. Our results suggest
that for TKA this is likely to be the peak postsurgery HRQOL, and
therefore could overestimate the gains from arthroplasty. To reduce
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Fig. 2 – Average utility curve after total knee arthroplasty.
Mean (average) health-related quality-of-life utility scores at
each follow-up measurement. Error bars show 95%
confidence intervals for the mean.
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this bias, our results support measuring at 3 months. The bias can
be further minimized by having two postoperative measures: one
within the first 6 months, and one at 12 months postoperatively.
The value of a second postoperative measure in reducing wrong
decisions, versus the cost of the additional collection, could be
evaluated within a value-of-information framework [28].

Our findings also have more general implications for eco-
nomic evaluations, trials, and registries. Many economic evalua-
tions in the literature [13,16], and the registries on which they are
based, do not contain a follow-up measurement within the first 6
months. Our analysis suggests that such study designs are
susceptible to bias, which could compromise economic evalua-
tions. It is typically assumed that all QALYs are equal; that is, a
QALY is a QALY is a QALY [29,30], yet we have shown that the
interpolation and follow-up assumptions can significantly bias
the estimated QALY gains from arthroplasty. Where cost-
effectiveness is explicitly used in funding determinations, a lack
of clear guidelines on interpolation and follow-up timing could
allow manipulation of cost-effectiveness ratios. We suggest some
form of standardization. We also suggest that evaluation of
uncertainty include interpolation as well as the more traditional
sampling issues.
Limitations and Generalizability

The relatively small sample size of the subset of measurements
at 6 weeks, 3 months, and 6 months limited the analysis. Differ-
ent average utility curves could change the key conclusions of our
analysis, and the generalizability of our findings depends on the
extent to which our sample data are representative of the wider
TKA population. To evaluate this, we used bootstrapping meth-
ods to estimate a range of average utility curves, and calculated
CIs that showed how our results vary with different underlying
samples. Figure 4 showed relatively large CIs for 6 weeks, 3
months, and 6 months due to the smaller sample at these time
points, yet for measurement at all bar 3 months, significant bias
was uncovered. We note that there are many other sources of
uncertainty (e.g., a different population base, surgical methods or
hospital care programs, and type of instruments used), which
may mean that our estimated average utility curves are not
representative of those in other populations, even after boot-
strapping. For example, a systematic review showed some evi-
dence that the Oxford Hip or Knee Score improves between 6 and
12 months [31], which, if translated into a subsequent improve-
ment in HRQOL, would suggest a different average utility curve
iversity of Melbourne August 09, 2016.
 Copyright ©2016. Elsevier Inc. All rights reserved.



Fig. 3 – How the timing of a postoperative PROM affects QALY estimation. (A) PROM at 6 weeks.(B) PROM at 3 months. (C)PROM
at 6 months. (D) PROM at 12 months. Shaded area represents QALY estimates. PROM, patient-reported outcome measure;
QALY, quality-adjusted life-year.
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and optimal timing for PROMs. Such variation in average utility
curves suggests that the added accuracy of two postoperative
measurements rather than one may be preferable when stand-
ardizing methods across diverse populations.

Finally, we evaluated the bias in QALY estimation over 5 years
and considered TKA recipients for whom we had complete
follow-up data; however, economic evaluation of TKA should
consider longer-term outcomes until death. Measurements at 6
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Fig. 4 – Error in QALY estimation by timing of PROM
collection. Error in QALY estimation relative to reference
scenario under linear and immediate interpolation with one
postoperative PROM, and under linear interpolation with
two postoperative PROMs. Error bars show nonparametric
95% confidence intervals from 1000 bootstrapped samples.
PROM, patient-reported outcome measure; QALY, quality-
adjusted life-year.
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weeks (6 months) under (over) estimated the longer-term average
utility curve and would therefore be expected to deliver poorer
accuracy over a longer period of evaluation. Similarly, consider-
ing those who did not have full 5-year follow-up data due to
death (n ¼ 61) would be likely to lower the trajectory of the
average utility curve. There were no significant differences to our
conclusions when this was considered in a subsequent analysis
(see Appendix 1).
Conclusions

PROMs can be used in economic evaluation to help measure the
value and quality of orthopedic surgery. However, we find that
the timing of PROMs collection and interpolation assumptions
between measurements can significantly bias economic evalua-
tion. Some form of standardization should be considered. In the
case of TKA, we recommend two postoperative measures: one
within the first 6 months, and one at 12 months, with linear
interpolation between measurements. When only a single post-
operative measurement is available, we recommend a measure-
ment at 3 months. We note that further research needs to be
conducted to ensure that the “when” for the timing of PROMs
collection is robust for the given population and target measure,
because the optimal timing for economic evaluation may not be
the optimal timing for clinical evaluation. In the interim, inter-
polation and timing issues should be explicitly considered in
uncertainty analysis.

Appendix 1

Error in QALY estimation is not significantly different with the
inclusion of censored “death” patients (Fig. 5).
iversity of Melbourne August 09, 2016.
 Copyright ©2016. Elsevier Inc. All rights reserved.



-60%

-40%

-20%

0%

20%

40%

60%

0 3 6 9 12

Timing of PROM collection (months after surgery)

Main analysis

Inclusion of censored 'death' patients

Fig. 5 – Error in QALY estimation by timing of PROM
collection. Error in QALY estimation to relative reference
scenario under main analysis and analysis with the
inclusion of censored patients. Error bars show
nonparametric 95% confidence intervals from 1000
bootstrapped samples. PROM, patient-reported outcome
measure; QALY, quality-adjusted life-year.

V A L U E I N H E A L T H ] ( 2 0 1 6 ) ] ] ] – ] ] ]6
Acknowledgments

We thank Dr. Dennis Petrie and Dr. Kim Dalziel for comments on
an earlier draft. Any errors and omissions are the authors alone.

Source of financial support: This work was supported by the
University of Melbourne. C. Schilling holds an National Health
and Medical Research Council (NHMRC) postgraduate scholarship
(APP1093229). M. M. Dowsey holds an NHMRC Early Career
Australian Clinical Fellowship (APP1035810). No other funding
was obtained for this work

R E F E R E N C E S
[1] American Academy of Orthopaedic Surgeons (AAOS) 2012. Position
statement 1183: public reporting of provider performance. Available
from: http://www.aaos.org/uploadedFiles/PreProduction/About/
Opinion_Statements/position/1183%20Public%20Reporting%20of%
20Provider%20Performance.pdf. [Accessed September 28, 2015].

[2] Ayers DC, Zheng H, Franklin PD. Integrating patient-reported outcomes
into orthopaedic clinical practice: proof of concept from FORCE-TJR.
Clin Orthop Related Res 2013;471:3419–25.

[3] Haddad F. Fundamental questions in need of answers. Bone Joint J
2015;97:577.

[4] Rolfson O, Malchau H. The use of patient-reported outcomes after
routine arthroplasty: beyond the whys and ifs. Bone Joint J
2015;97:578–81.

[5] Brinker MR, O’Connor DP. Stakeholders in outcome measures: review
from a clinical perspective. Clin Orthop Related Res 2013;471:3426–36.

[6] Dawson J, Doll H, Fitzpatrick R, Jenkinson C, Carr AJ. The routine use of
patient reported outcome measures in healthcare settings. BMJ
2010;340.

[7] Goldstein J. Private practice outcomes: validated outcomes data
collection in private practice. Clin Orthop Related Res 2010;468:2640–5.
Downloaded from ClinicalKey.com.au at Un
For personal use only. No other uses without permission.
[8] Shah J, Rajgor D, Pradhan S, et al. Electronic data capture for
registries and clinical trials in orthopaedic surgery: open source
versus commercial systems. Clin Orthop Related Res 2010;468:
2664–71.

[9] Hawker GA, Badley EM, Borkhoff CM, et al. Which patients are most
likely to benefit from total joint arthroplasty? Arthritis Rheum
2013;65:1243–52.

[10] Devlin NJ, Appleby J. Getting the Most Out of PROMs: Putting Health
Outcomes at the Heart of NHS Decision Making. London: King’s Fund,
2010.

[11] Billingham L, Abrams KR, Jones DR. Methods for the analysis of quality-
of-life and survival data in health technology assessment.
1999;3:1–152.

[12] Ganiats T, Browner D, Kaplan R. Comparison of two methods of
calculating quality-adjusted life-years. Qual Life Res 1996;5:162–4.

[13] Jenkins PJ, Clement ND, Hamilton DF, et al. Predicting the cost-
effectiveness of total hip and knee replacement: a health economic
analysis. Bone Joint J 2013;95-B:115–21.

[14] Connelly LB. Balancing the number and size of sites: an economic
approach to the optimal design of cluster samples. Controlled Clin
Trials 2003;24:544–59.

[15] Ware J Jr, Kosinski M, Keller SD. A 12-item short-form health survey:
construction of scales and preliminary tests of reliability and validity.
Med Care 1996;34:220–33.

[16] Fordham R, Skinner J, Wang X, Nolan J. The economic benefit of hip
replacement: a 5-year follow-up of costs and outcomes in the Exeter
Primary Outcomes Study. BMJ Open 2012;2.

[17] Liebs TR, Herzberg W, Rüther W, et al. Quality-adjusted life years
gained by hip and knee replacement surgery and its aftercare. Arch
Phys Med Rehabil 2016;97(5):691–700.

[18] Losina E, Walensky RP, Kessler CL, et al. Cost-effectiveness of total knee
arthroplasty in the United States: patient risk and hospital volume.
Arch Intern Med 2009;169:1113.

[19] Franklin PD, Harrold L, Ayers DC. Incorporating patient-reported
outcomes in total joint arthroplasty registries: challenges and
opportunities. Clin Orthop Related Res 2013;471:3482–8.

[20] Jones CA, Pohar S. Health-related quality of life after total joint
arthroplasty: a scoping review. Clin Geriatr Med 2012;28:395–429.

[21] Australian Orthopaedic Association. Australian Orthopaedic
Association National Joint Replacement Registry: Annual Report.
Adelaide, Australia: Australian Orthopaedic Association, 2014.

[22] Choong PF, Dowsey MM, Stoney JD. Does accurate anatomical
alignment result in better function and quality of life? Comparing
conventional and computer-assisted total knee arthroplasty. J
Arthroplasty 2009;24:560–9.

[23] Harrington MA, Hopkinson WJ, Hsu P, Manion L. Fixed-vs mobile-
bearing total knee arthroplasty: does it make a difference?—a
prospective randomized study. J Arthroplasty 2009;24:24–7.

[24] Brazier JE, Roberts J. The estimation of a preference-based measure of
health from the SF-12. Med Care 2004;42:851–9.

[25] Siegel JE, Weinstein MC, Russell LB, Gold MR. Recommendations for
reporting cost-effectiveness analyses. JAMA 1996;276:1339–41.

[26] Molnar FJ, Hutton B, Fergusson D. Does analysis using “last observation
carried forward” introduce bias in dementia research? CMAJ
2008;179:751–3.

[27] Health and Social Care Information Centre. Background information
about PROMs. 2015. Available from: http://www.hscic.gov.uk/
proms-background. [Accessed November 7, 2015].

[28] Chuang L, Treur M, Heeg B, et al. The use and impact of value of
information analysis in decision-making. Value Health 2013;3:A30.

[29] Weinstein MC. A QALY is a QALY is a QALY — or is it? J Health Econ
1988;7:289–90.

[30] Whitehead SJ, Ali S. Health outcomes in economic evaluation: the
QALY and utilities. Br Med Bull 2010;96:5–21.

[31] Browne JP, Bastaki H, Dawson J. What is the optimal time point to
assess patient-reported recovery after hip and knee replacement? A
systematic review and analysis of routinely reported outcome data
from the English patient-reported outcome measures programme.
Health Qual Life Out 2013;11: 128–128.
iversity of Melbourne August 09, 2016.
 Copyright ©2016. Elsevier Inc. All rights reserved.

http://www.aaos.org/uploadedFiles/PreProduction/About/Opinion_Statements/position/1183%20Public%20Reporting%20of%20Provider%20Performance.pdf
http://www.aaos.org/uploadedFiles/PreProduction/About/Opinion_Statements/position/1183%20Public%20Reporting%20of%20Provider%20Performance.pdf
http://www.aaos.org/uploadedFiles/PreProduction/About/Opinion_Statements/position/1183%20Public%20Reporting%20of%20Provider%20Performance.pdf
http://www.hscic.gov.uk/proms-background
http://www.hscic.gov.uk/proms-background


THE IMPACT OF REGRESSION TO THE MEAN ON ECONOMIC
EVALUATION IN QUASI-EXPERIMENTAL PRE–POST STUDIES: THE
EXAMPLE OF TOTAL KNEE REPLACEMENT USING DATA FROM THE

OSTEOARTHRITIS INITIATIVE

CHRIS SCHILLINGa,c*, DENNIS PETRIEb, MICHELLEM. DOWSEYc,d, PETER F. CHOONGc,d and PHILIP CLARKEa

aCentre for Health Policy, School of Population and Global Health, The University of Melbourne, Carlton, VIC, Australia
bCentre for Health Economics, Monash Business School, Monash University, Melbourne, VIC, Australia
cThe University of Melbourne Department of Surgery, St. Vincent’s Hospital, Melbourne, VIC, Australia

dDepartment of Orthopaedics, St. Vincent’s Hospital, Melbourne, VIC, Australia

ABSTRACT
Many treatments are evaluated using quasi-experimental pre–post studies susceptible to regression to the mean (RTM).
Ignoring RTM could bias the economic evaluation. We investigated this issue using the contemporary example of total knee
replacement (TKR), a common treatment for end-stage osteoarthritis of the knee.

Data (n= 4796) were obtained from the Osteoarthritis Initiative database, a longitudinal observational study of osteoar-
thritis. TKR patients (n= 184) were matched to non-TKR patients, using propensity score matching on the predicted hazard
of TKR and exact matching on osteoarthritis severity and health-related quality of life (HrQoL). The economic evaluation
using the matched control group was compared to the standard method of using the pre-surgery score as the control.

Matched controls were identified for 56% of the primary TKRs. The matched control HrQoL trajectory showed evidence
of RTM accounting for a third of the estimated QALY gains from surgery using the pre-surgery HrQoL as the
control. Incorporating RTM into the economic evaluation significantly reduced the estimated cost effectiveness of
TKR and increased the uncertainty. A generalized ICER bias correction factor was derived to account for RTM in
cost-effectiveness analysis.

RTM should be considered in economic evaluations based on quasi-experimental pre–post studies. Copyright © 2016
John Wiley & Sons, Ltd.
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1. INTRODUCTION

Identifying patients for treatment on the basis of a relatively poor health score is common practice in healthcare
(Linden, 2013). However, health symptoms can fluctuate over time and one-off measurements can be prone to
error. On average, patients identified by poor scores improve upon re-measurement, even in the absence of
treatment (Barnett et al., 2005; Linden, 2013). This concept is known as regression to the mean (RTM), first
documented in 1886 by Francis Galton who noticed that children from taller than average parents were
typically shorter than their parents, while children from shorter than average parents were typically taller
(Galton, 1886). Milton Friedman has lamented the economics profession for ignoring biases driven by RTM
(Friedman, 1992).
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Pre–post quasi-experimental studies are particularly susceptible to RTM due to the difficulties in establish-
ing appropriate controls (Gardner and Heady, 1973; Davis, 1976). Where randomized control trials (RCTs)
explicitly measure control groups and therefore account for RTM in the calculation of the treatment effect
(placebo responses include RTM (Morton and Torgerson, 2003)), pre–post studies typically use the
pre-treatment score as the control (Harris et al., 2006). Economic evaluations based on these studies are there-
fore susceptible to bias from RTM, yet there has been little empirical research into the implications of RTM on
cost-effectiveness analysis. To date, studies have explained RTM and provided approaches to identify it
(Barnett et al., 2005), quantified RTM in simulated datasets (Linden, 2013), and briefly discussed its impact
on decision-making in health (Morton and Torgerson, 2003), but none have estimated the bias in incremental
cost-effectiveness ratios caused by RTM in pre–post studies.

In this paper, we investigate this issue using the contemporary example of total knee replacement (TKR), a
common treatment for end-stage osteoarthritis (OA) performed over 1.5 million times each year across OECD
countries1 (OECD Indicators, 2015). Economic evaluations of TKR are typically based on pre–post study
designs (see for example Waimann et al. (2014); Jenkins et al. (2013); Schilling et al. (2016), or Dakin
et al. (2012)). These studies have shown that TKR improves health-related quality of life (HrQoL) relative
to the preoperative score, yet surprisingly little is known about the trajectory of patients should they not have
surgery. While OA is typically thought of as a degenerative disease, recent longitudinal studies have revealed,
on average, stable or improved physical function, and the presence of RTM (Collins et al., 2014; Øiestad et al.,
2016; Zou et al., 2016).

We used a longitudinal observational dataset of almost 5000 OA patients, some of whom received TKR, to
estimate a ‘without surgery’ control group for TKR using an exact and propensity score matching analysis. We
traced the HrQoL trajectory of the matched control group to empirically estimate the prevalence of RTM in this
cohort, and assessed the implications of RTM on the cost effectiveness of TKR. We then calculated a general
RTM bias correction factor for economic evaluations based on pre–post studies because the ramifications of our
findings are applicable to many common treatments that are evaluated using study designs susceptible to RTM.
To aid the reader, Section 2 provides a background into the current methods of economic evaluations of TKR,
how RTM can be estimated, and the derivation of the RTM bias correction factor, before proceeding as normal
with Methods, Results, and Discussion Sections.

2. BACKGROUND

2.1. Current methods of economic evaluation of TKR

Economic evaluation of TKR is challenging. Ethical and practical difficulties with sham surgeries have
limited RCTs (Macklin, 1999; Miller, 2003). Joint replacement registries have been used successfully to
identify the techniques and prostheses that deliver better outcomes (Graves and Wells, 2006), but typically
do not capture data on patients who do not have surgery. Researchers have analyzed waiting times to
investigate how outcomes vary as a result of the timing of surgery; however, such research has not pro-
vided a comprehensive picture of the HrQoL trajectory in the absence of surgery (see for example
Ostendorf et al. (2004), or Nikolova et al. (2016)). Economic evaluations of TKR are therefore typically
one-group pretest–posttest designs (Harris et al., 2006), which use the patient’s preoperative HrQoL utility
score as the control (see for example recent studies by Jenkins et al. (2013); Dakin et al. (2012); Schilling
et al. (2016) or Losina et al. (2009)). The Quality Adjusted Life Year (QALY) gain from TKR is then
calculated as the area between the actual HrQoL utility curve after TKR and this hypothetical constant
‘without surgery’ utility. Such an assumption for the control could significantly bias economic evaluations.

1Author calculations from OECD knee replacement surgery rates per 100,000 inhabitants from the OECD’s Health at a Glance 2015 [4] and
OECD population rates.
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While the HrQoL trajectory of OA patients is still under considerable debate (Collins et al., 2014),
significant deterioration in pain and functional outcomes has been clearly observed in end-stage OA patients
in the period immediately preceding the surgery (Riddle et al., 2013; Collins et al., 2014). Assuming a
constant ‘without surgery’ control at preoperative levels ignores the prior trend of deterioration, possibly
underestimating the ‘area between the curves’ that represent the QALY gain from TKR (Dakin et al.,
2012). Alternatively, the presence of RTM could mean that patients identified for treatment by their
relatively poor health state could experience improved outcomes upon future re-measurement even without
treatment (Linden, 2013). This would result in the current practice overestimating the true QALY gains
from TKR.

2.2. Regression to the mean

RTM is sometimes considered a statistical concept (Barnett et al., 2005), because it highlights the implications
of random fluctuations in patient outcomes, but there are ‘real’ reasons why those fluctuations occur, such as
the episodic nature of a disease, patient adaptation, variability with self-reported measurements, or simple
randomness. These fluctuations should not be attributed to the treatment itself. The impact of RTM can be
estimated by having or deriving an explicit control group for the treated and tracking their improvement over
time, or where no potential control group is available, by using a formula derived in the literature based on
assumptions about the data generating process and the cut-off used to decide on treatment. From Barnett
et al. (2005), the formula for calculating expected RTM in simple normally distributed repeated measured data
is given by:

RTM ¼ σ2wffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2w þ σ2b

q C zð Þ

¼ σt 1� ρð ÞC zð Þ; � 1 ≤ ρ ≤1

(1)

where the total variance of the outcome in period t is given by σ2t ¼ σ2w þ σ2b, the within-subject variance is
given by σ2w ¼ 1� ρð Þσ2t , the between subject variance is given by σ2b ¼ ρσ2t , ρ is the correlation between out-
comes across time (a measure of the persistence of outcomes over time at the individual level), and C(z) =∅ (z)/
ℵ(z) where z= (μ� c)/σt if the selection for treatment occurs when the individual’s score is less than the cut-off
c. ∅ (z) and ℵ(z) are the standard normal probability density and cumulative distribution functions, respec-
tively. This formula shows that higher levels of RTM are expected when the cut-off is more extreme (those
within the selected treatment group are more likely to have been at an extreme outcome prior to treatment)
and when there is little persistence in individual outcomes over time (individuals currently at extreme outcomes
are expected to quickly return to the mean).

While the above formula has been shown to accurately estimate RTM in a simulated example for a
simple data generating process, the results can be sensitive to the assumptions made (Linden, 2013). In
practice, the decision to treat is often based on more than one variable, may be assessed at multiple
points in time, and may also be based on recent changes in outcomes rather than the current outcome
level. In addition, as in the case of TKR, there may be an expectation of continued decline in health
in the absence of treatment which may be heterogeneous across individuals. In these instances, using a
comparable control group can provide a more compelling view of the HrQoL trajectory in the absence
of treatment and the presence of any RTM. The ideal case for a comparable control group is where
treatment is randomized such that the control group’s outcomes are unrelated to treatment assignment.
In non-randomized studies such as quasi-experiments, comparable control groups can be constructed by
propensity score or exact matching, and the post-treatment trajectory of the control group compared to
the trajectory of the treated.
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2.3. Estimating the impact of regression to the mean on cost effectiveness

While it is known that economic evaluations based on pre–post quasi-experimental studies are susceptible to
bias from RTM, there has been little research into the implications of RTM on cost-effectiveness analysis.
To help fill this gap, we generalized the impact of RTM on cost effectiveness by developing a RTM bias
correction factor based on the level of RTM. In pre–post quasi-experimental studies such as those used in
the economic evaluations of surgery, the observed QALY gain from treatment QALYo is typically estimated
as function of the observed change in utility scores ΔUo (the postoperative utility score minus the preoperative
utility score), and the expected duration of the gain.

QALYo ¼ ΔUo� duration (2)

The presence of RTM has the effect of reducing the utility gain from treatment by some factor α (the ratio of
RTM/observed treatment effect) such that the gain in QALYs after adjusting for RTM now becomes:

QALYr ¼ 1� αð Þ� QALYo: (3)

Assuming that RTM does not affect costs (a patient is not usually classified for treatment by their poor cost
outcomes), the impact of RTM on the observed incremental cost-effectiveness ratio (ICER) can then be
calculated as a function of α, the ratio of RTM/observed treatment effect:

ICERr ¼ 1
1� α

ICERo (4)

where ICERo is the observed ICER, ICERr is the RTM-adjusted ICER, and 1
1�α is the RTM bias correction

factor (see full derivation in the Appendix).

3. METHODS

3.1. Data source

Data were obtained from the Osteoarthritis Initiative (OAI) database, which is publicly accessible at http://
www.oai.ucsf.edu/. The OAI is a multi-center, longitudinal, prospective observational study of knee OA that
collects a range of socio-economic, healthcare access, self-reported, and clinical data on 4796 patients with
OA aged 45–79 enrolled between 2004 and 2006. Specific datasets used are baseline, 12-month, 24-month,
36-month, 48-month, 60-month, 72-month, 84-month, and 96-month clinical and medical history data (release
versions 0.2.2, 1.2.1, 3.2.1, 5.2.1, 6.2.1, 7.2.1, 8.2.1, 9.2.1, and 10.2.1, respectively), enrollee demographic
information (release version 22). The OAI has approval from the Committee on Human Research, the
University of California, San Francisco (Approval number 10-00532).

3.2. Treatment, outcomes, and associated factors

The treatment for this study was primary TKR. The primary outcomes were the HrQoL utility scores, calculated
from the Short-Form Health Survey (SF-12) patient-reported outcomes using the standard Brazier algorithm
(Brazier and Roberts, 2004). The factors associated with the likelihood of TKR treatment were age, gender,
race, annual income, access to health insurance, body mass index (BMI), smoking status, comorbidities as
measured by the Charlson Comorbidity Index (Hall et al., 2004), OA severity measured radiographically by
the Kellgren Lawrence (KL) scale (Kellgren and Lawrence, 1957) and subjectively by the Western Ontario
and McMaster Universities Osteoarthritis Index (WOMAC) patient-reported outcome (Bellamy, 1988), mental
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component summary (MCS), physical component summary (PCS), and HrQoL scores. BMI was classified as
moderately obese (30–34.9 kg/m2), severely obese (35–39.9 kg/m2), and morbidly obese (>40 kg/m2), comor-
bidities as none, 1, and 2 or more, race as white and non-white, and smoking status as current smoker versus
non-smoker.

3.3. Statistical methods for estimating a control group for TKR to evaluate RTM

Constructing appropriate control groups using propensity scoring is a common method for inferring causal
treatment effects in the absence of randomized control studies or valid instruments, but most propensity score
analyses are based on cross-sectional data where a single observation is observed for each individual
(Lu, 2005). However, the OAI is a longitudinal cohort dataset that follows individuals and tracks the progres-
sion of their OA over time including TKR as an end-stage treatment for some patients. We therefore followed
Li et al. (2001) and Lu (2005) and calculated a proportional hazard for TKR, based on age, gender, race, radio-
graphic OA at baseline; ongoing BMI, comorbidities, smoking status, HrQoL, PCS, MCS, and WOMAC
scores at each follow-up. We then performed matching without replacement using the patient’s hazard of
treatment at each point in time. Note that we did not consider the cumulative hazard: recent research has found
that the anticipated general deterioration in OA patients over long periods of time is not observed in practice
(Collins et al., 2014), but that relatively sudden deterioration in pain and function may trigger TKR
(Riddle et al., 2013). We therefore included annual change in HrQoL, PCS, and WOMAC in the model for
predicting TKR.

Matching occurred such that a patient treated at time t could be matched against any patient not yet treated at
time t. The treated could also act as a control if treatment occurred after time t + 2 years so that if selected as a
control, the non-surgery trajectory could be observed for 2 years. Once treated, a patient was censored and
could no longer act as a control (Li et al., 2001). To reduce the possibility that a matched control patient might
have commenced some other treatment, we censored controls if they commenced frequent medication or injec-
tion treatments during the comparator period. The dataset contains patients at different levels of OA progres-
sion, so we performed an exact match on the patient’s KL score, to ensure that we were comparing patients
with the same level of radiographic OA. As radiographic and symptomatic progression have been shown to
be nonparallel (Collins et al., 2014), we also performed an exact match on the patient’s HrQoL (rounded to
two decimal places), to ensure that we were comparing patients with consistent self-reported symptomatology.
The propensity score was then used to further match patient characteristics, using a caliper (or a maximum
allowable difference) of 0.05, or approximately 0.4 standard deviations. We chose HrQoL for the exact match
rather than a WOMAC or PCS score because the focus of this research was on economic evaluations derived
from HrQoL scores; however, we included an interaction term between HrQoL and WOMAC to capture any
non-linearities between overall quality-of-life and knee-specific OA (for example to account for when HrQoL
change may have been due to an unrelated condition).

We evaluated the balance between the treated and control covariates using standardized differences between
means (Austin, 2009), with a preferred cut-off of 10% for those covariates shown to be significant predictors of
TKR as recommended by Ho et al. (2007). To ensure similar distributions as well as means between the treated
and control, variance ratios for the propensity score and continuous individual covariates were also evaluated as
per Rubin (2001). To assess the presence of RTM, we then compared the average HrQoL trajectories of those
who have a TKR with their control matches who did not have a TKR. In some cases, an appropriate match
could not be found for TKR patients with particularly high propensity scores. No control group could be esti-
mated for this group, but to provide some indications of possible trends for the unmatched group, we repeated
the analysis for subset of TKR patients that could be matched who had TKR propensity scores in the top 5th

percentile (were most likely to receive a TKR and therefore the most similar to the unmatched group). The
matching analysis was carried out in Stata 13.1 IC (Stata Corp, College Station, USA) using the psmatch2
version 4.0.11 program (Leuven and Sianesi, 2015).
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3.4. Data for estimating a control group for TKR to evaluate RTM

We considered patients that had been observed for at least three years: one year prior to TKR to provide
evidence of a consistent deterioration between treated and controls prior to surgery, and two years post TKR
to show differences in the treated and control group after surgery. Baseline, 84-, and 96-month data were
therefore censored due to the lack of prior and post data respectively. Sixty-month data were censored due
to the lack of HrQoL, PCS, or MCS collection during this wave. For other missing data, linear interpolation
was used for PCS, MCS, BMI and HrQoL where observations were available before and after the missing
observation; last value carried forward was used for missing years for OA severity, comorbidities and smoking
status. The data availability of the key variables is shown in the Appendix (Table 5).

As some patients had their last follow-up many months before TKR, we needed to estimate their condition
just prior to surgery (Øiestad et al., 2016). We used regression imputation methods to estimate measured
deterioration in HrQoL prior to TKR as a function of the time between the last follow-up measurement prior
to TKR and patient covariates discussed previously. This regression was used to predict HrQoL at the time
of TKR for recipients whose last follow-up measurement was more than three months prior to surgery. Postop-
eratively, the gains from TKR typically stabilize after six months (Naylor et al., 2009). A measurement at a
minimum of six months after surgery is therefore deemed an appropriate proxy for the 12-month outcome.
For patients whose first follow-up was less than six months after TKR, the measurement of HrQoL was
unlikely to reflect outcomes at 12 months. We therefore used their second follow-up post-surgery to represent
their 12-month follow-up from TKR. In this way, the 12-month follow-up was measured on average 12 months
after surgery, but between 6 and 18 months depending on the individual patient. The variation in outcomes
between 6 and 18 months post-surgery is minimal relative to the variation between 0 and 12 months post-
surgery (Naylor et al., 2009). A more detailed description of this data adjustment procedure is provided in
the supplementary analysis.

3.5. Robustness analysis for control group for TKR to evaluate RTM

To evaluate the uncertainty of the matching analysis, we bootstrapped the matching process, creating 1000 new
datasets from the original dataset by sampling with replacement, and repeated the matching and calculation of
treatment and control HrQoL trajectories. Confidence intervals were calculated from the percentiles of the
bootstrapped results. Additionally, we parameterized the formula from the literature (equation 1) using the
OAI data to provide a comparative estimate of RTM.

In supplementary analyses, we also completed a range of further checks to test the robustness of our results.
We considered exact matching on WOMAC rather than HrQoL to investigate if matching on a knee-specific
rather than generic patient reported outcome would provide a different result. To test the impact of the timing
of follow-up measurements relative to the TKR, we repeated the analysis using just those TKRs that occurred
within 3 months of a follow-up.

3.6. Implications for cost-effectiveness analysis

To investigate the implications of our findings on the outcomes from TKR, we estimated the QALY gains
in the two years post-surgery, first using the standard preoperative utility score ‘without surgery’ control,
and second using the control trajectory estimated from the matching exercise. We then assumed that utility
scores measured at 2 years post-surgery continue to 15 years post-surgery, and that the cost of TKR is a
constant $20,000 per surgery, broadly in line with previous economic evaluations (Losina et al., 2009),
to estimate the impact of our findings on overall cost-effectiveness. We present these results as indicative
cost-acceptability curves for TKR when derived from the assumed control, versus when derived from the
matching exercise. Finally, we confirmed the impact of RTM on cost effectiveness by estimating the
RTM bias correction factor from equation 4.
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4. RESULTS

4.1. Sample characteristics

After censoring, the number of primary TKRs observed was 263 out of a cohort of 4768. Of these, 184 (70%)
had full data available to complete the matching analysis. Of the missing, 32 had insufficient length of follow-
up (less than 3 years), and 47 had missing covariate data. Sample characteristics are shown in Table I. Of note is
that over 96% of the cohort had access to some form of health insurance.

4.2. Matching

The results from the multivariate proportional hazards model of TKR are shown in Table II. The most significant
independent predictors of TKR were severe OA, both radiographic (KL) and symptomatic (WOMAC), and de-
terioration in WOMAC. Non-whites, smokers, low income earners, and those with significant comorbidity were
significantly less likely to have a TKR. Good mental health was positively associated with likelihood of TKR.

A total of 103 (56%) treated patients were able to be matched. The balance of the covariates between the
matched treatment and ‘without surgery’ control groups is shown in Table III. The standardized differences
were small with the majority of covariates falling under the 10% target, and a good balance achieved on the
key predictors significantly associated with TKR: OA severity (both KL and WOMAC), MCS, WOMAC
deterioration, and race. The matched control group were more comorbid and obese, and had a wider income
distribution. The variance ratio between the matched treatment and control groups for the propensity score is
1.00, and the variance ratios for the covariates are close to one indicating both means and variance have been
well balanced across the two groups.

Table I. Sample characteristics at baseline

Variable TKR (n = 184) Full sample (n = 4768)

Age 67.2� 8.5 61.2� 9.2
Female 105 (57%) 2804 (58.5%)
Race: white 161 (87.5%) 3790 (79.1%)
Income bands
<$10,000 2 (1.1%) 160 (3.6%)
$10,000 to <$25,000 16 (8.7%) 454 (10.2%)
$25,000 to <$50,000 51 (27.7%) 1135 (25.6%)
$50,000 to <$100,000 70 (38%) 1610 (36.3%)
$100,000+ 45 (24.5%) 1075 (24.2%)
Access to health insurance 182 (98.9%) 4579 (96.4%)
BMI: kg/m2 29.8� 4.7 28.6� 0.048
Moderately obese 62 (33.7%) 1230 (25.7%)
Severely obese 26 (14.1%) 416 (8.7%)
Morbidly obese 3 (1.6%) 84 (1.8%)

Comorbidities
0 128 (69.6%) 3565 (75.4%)
1 35 (19%) 724 (15.3%)
2+ 21 (11.4%) 441 (9.3%)

OA severity: KL scale
0 3 (1.6%) 1,265 (28.1%)
1 1 (0.5%) 691 (15.3%)
2 17 (9.2%) 1,365 (30.3%)
3 56 (30.4%) 892 (19.8%)
4 107 (58.2%) 293 (6.5%)

Smoking status: smoker 4 (2.2%) 313 (6.6%)
WOMAC 38� 12.8 12� 0.153
MCS 55.7� 8.6 53.6� 8.1
PCS 37.3� 7.5 48.8� 9.2
HrQoL 0.70� 0.15 0.80� 0.12

Mean� standard deviation are reported for continuous variables; counts (percentages) for discrete variables.
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Eighty-one (44%) treated patients were unable to be matched. These patients had a higher treatment propen-
sity score versus treated patients who were matched (mean 0.29� 0.10 versus 0.10� 0.09) and were signifi-
cantly different across almost all patient characteristics. In particular, the unmatched had significantly poorer
WOMAC, PCS, and HrQoL scores and experienced significantly larger deterioration in these scores prior to
surgery, relative to matched TKR recipients (Table IV).

4.3. Matched treated and control HrQoL trajectory

Figure 1 shows the mean of the HrQoL trajectory for the matched treated and control patients and 95% confi-
dence intervals from bootstrapping. Prior to the surgery, there was a decline in HrQoL of almost 0.05 for both

Table II. Multivariate proportional hazards model of TKR

Variable Odds ratio p-Value Lower 95% CI Upper 95% CI

Age 1.02 0.052 1.00 1.04
Gender
Male ref ref ref ref
Female 1.21 0.230 0.89 1.66

Race
White ref ref ref ref
Non-white 0.40 <0.001 0.25 0.66

Income bands
<$10,000 ref ref ref ref
$10,000 to <$25,000 0.17 0.008 0.04 0.63
$25,000 to <$50,000 0.59 0.065 0.33 1.03
$50,000 to <$100,000 0.74 0.142 0.50 1.10
$100,000+ 1.30 0.168 0.90 1.88

Access to health insurance 1.31 0.747 0.26 6.60
Obesity
Non-obese ref ref ref ref
Moderately obese 1.29 0.128 0.93 1.78
Severely obese 1.05 0.858 0.63 1.74
Morbidly obese 1.05 0.921 0.42 2.61

Smoking
Non-smoker ref ref ref ref
Smoker 0.36 0.041 0.13 0.96
Comorbidities
0 ref ref ref ref
1 0.82 0.358 0.55 1.24
2+ 0.65 0.080 0.40 1.05

Osteoarthritis
KL 0 ref ref ref ref
KL 1 3.19 0.101 0.80 12.80
KL 2 5.54 0.005 1.66 18.47
KL 3 17.47 <0.001 5.35 57.07
KL 4 57.07 <0.001 17.36 187.55

WOMAC 1.05 <0.001 1.04 1.06
Quality of life
MCS 1.06 0.003 1.02 1.10
PCS 1.00 0.929 0.97 1.03
HRQOLa 0.60 0.030 0.38 0.95

Osteoarthritis change (KL) from previous year
<1 ref ref ref ref
1+ 1.17 0.502 0.74 1.85

WOMAC 1.02 0.005 1.01 1.03
Quality of life change from previous year
PCS 0.98 0.071 0.95 1.00
HRQOLa 0.87 0.359 0.66 1.17

aStandardized to improve interpretability.
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treated and control groups. After surgery, the treated group had a statistically significant increase in HrQoL of
0.05 resulting in a gain of 0.07 QALYs over the two years after surgery, relative to the preoperative HrQoL.
However, the ‘without surgery’ control group also experienced a mean improvement in HrQoL of 0.02 and
a gain of 0.02 QALYs relative to the preoperative HrQoL. The increase in HrQoL for the treated group is no
longer statistically significant when compared to this ‘without surgery’ control group, and the estimated QALY
gains from surgery reduce from 0.07 to 0.05 QALYs (33% reduction, 95% confidence intervals �5:78%).

4.4. A proxy for the unmatched

An analysis of the matching showed that those with the highest propensity for TKR were least likely to be
matched, because these patients invariably received a TKR. Thus, a sub-cohort of the matched group with
the top 5th percentile propensity scores was selected to investigate if the results would change based on the pro-
pensity for TKR. The 5th percentile sub-cohort of the matched cohort therefore acted as a proxy to highlight the
potential impact of RTM in the unmatched group (see Appendix Table 6 for comparison of these two groups).

Table III. Balance of covariates between treatment and control after matching

Variable Matched treatment Matched control Standardized difference % Variance ratioa

Age 66.4� 8.6 66.8� 8.7 �0.046 0.99
Female 58 (56.3%) 64 (62.1%) �0.118
Race: white 87 (84.5%) 84 (81.6%) 0.077
Income bands
<$10,000 1 (1%) 4 (3.9%) �0.188
$10,000 to <$25,000 11 (10.7%) 15 (14.6%) �0.118
$25,000 to <$50,000 27 (26.2%) 29 (28.2%) �0.045
$50,000 to <$100,000 46 (44.7%) 33 (32%) 0.263
$100,000+ 18 (17.5%) 22 (21.4%) �0.099

Access to health insurance 101 (98.1%) 102 (99%) �0.075
BMI: kg/m2 29.7� 5.1 30.4� 5.3 �0.135 0.98
Moderately obese 30 (29.1%) 31 (30.1%) �0.022
Severely obese 16 (15.5%) 11 (10.7%) 0.143
Morbidly obese 1 (1%) 6 (5.8%) �0.267
Smoking status: smoker 4 (3.9%) 2 (1.9%) 0.119
Comorbidities
0 68 (66%) 63 (61.2%) 0.100
1 23 (22.3%) 20 (19.4%) 0.071
2+ 12 (11.7%) 20 (19.4%) �0.214

Osteoarthritis
KL 0 3 (2.9%) 3 (2.9%) 0.000
KL 1 0 (0%) 0 (0%) 0.000
KL 2 13 (12.6%) 13 (12.6%) 0.000
KL 3 30 (29.1%) 30 (29.1%) 0.000
KL 4 57 (55.3%) 57 (55.3%) 0.000
WOMAC 34.4� 11.5 33.9� 20 0.031 0.76

Quality of life
MCS 55.7� 8.1 55.9� 10.3 �0.022 0.89
PCS 38.7� 6.6 37.4� 8.9 0.166 0.86
HrQoL 0.72� 0.13 0.72� 0.13 0.000 1.00

Osteoarthritis change (KL) from previous year
<1 91 (88.4%) 97 (94.2%) �0.207
1+ 12 (11.7%) 6 (5.8%) 0.210
WOMAC 7.2� 14.2 7.3� 13.7 �0.007 1.02

Quality of life change from previous year
PCS �3.6� 7.0 �4.6� 8.2 0.131 0.92
HrQoL �0.05� 0.075 �0.04� 0.107 �0.108 0.84

Mean� standard deviation are reported for continuous variables; counts (percentages) for discrete variables.
aVariance ratios are only available for continuous variables.
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Figure 2 shows the HrQoL trajectory for the matched treated and control patients for a sub-cohort with the
top 5th percentile propensity scores. This sub-cohort had a larger deterioration in HrQoL of 0.10 prior to sur-
gery, and a larger improvement in HrQoL of 0.14 for the treated group after surgery, relative to the full cohort.
This resulted in a QALY improvement of 0.13 QALYs relative to the preoperative HrQoL. However, the con-
trol group for this sub-cohort also experienced a mean improvement in HrQoL of 0.06 and a gain of 0.06
QALYs relative to the preoperative HrQoL. Using this ‘without surgery’ counterfactual would reduce the
estimated QALY gains from surgery from 0.13 to 0.07 QALYs (47% reduction, 95% CI �26:126%), and
the HrQoL gains from surgery are no longer statistically significant.

4.5. Impact on cost effectiveness of TKR

Equation 4 showed how RTM impacts on the ICER for economic evaluations that use a pre–post quasi-
experimental study design. The bias correction factor is increasing in α (Figure 3), which suggests that cost
effectiveness will be increasingly affected as RTM increases: RTM equal to 20% of the observed treatment

Table IV. Comparison of covariates between matched and unmatched treated group

Variable Matched Unmatched Standardized difference % Variance ratioa

Age 66.4� 8.6 68.2� 8.3 0.213 0.98
Female 58 (56.3%) 47 (58%) 0.034
Race: white 87 (84.5%) 74 (91.4%) 0.213
Income bands
<$10,000 1 (1%) 1 (1.2%) 0.019
$10,000 to <$25,000 11 (10.7%) 5 (6.2%) �0.162
$25,000 to <$50,000 27 (26.2%) 24 (29.6%) 0.076
$50,000 to <$100,000 46 (44.7%) 24 (29.6%) �0.316
$100,000+ 18 (17.5%) 27 (33.3%) 0.369

Access to health insurance 101 (98.1%) 81 (100%) 0.197
BMI: kg/m2 29.7� 5.1 29.9� 4.2 0.043 0.91
Moderately obese 30 (29.1%) 32 (39.5%) 0.220
Severely obese 16 (15.5%) 10 (12.4%) �0.090
Morbidly obese 1 (1%) 2 (2.5%) 0.115
Smoking status: smoker 4 (3.9%) 0 (0%) �0.285
Comorbidities
0 68 (66%) 60 (74.1%) 0.178
1 23 (22.3%) 12 (14.8%) �0.194
2+ 12 (11.7%) 9 (11.1%) �0.019

Osteoarthritis
KL 0 3 (2.9%) 0 (0%) �0.244
KL 1 0 (0%) 1 (1.2%) 0.156
KL 2 13 (12.6%) 4 (4.9%) �0.275
KL 3 30 (29.1%) 26 (32.1%) 0.065
KL 4 57 (55.3%) 50 (61.7%) 0.130
WOMAC 34.4� 11.5 42.5� 13 0.660 1.06

Quality of life
MCS 55.7� 8.1 55.8� 9.5 0.011 1.08
PCS 38.7� 6.6 35.6� 8.3 �0.413 1.12
HrQoL 0.72� 0.13 0.68� 0.16 �0.274 1.11

Osteoarthritis change (KL) from previous year
<1 91 (88.4%) 66 (81.5%) �0.194
1+ 12 (11.7%) 15 (18.5%) 0.191
WOMAC 7.2� 14.2 15.2� 18.2 0.490 1.13

Quality of life change from previous year
PCS �3.6� 7.0 �6.7� 8 �0.412 1.07
HrQoL �0.05� 0.075 �0.08� 0.088 �0.367 1.08

Mean� standard deviation are reported for continuous variables; counts (percentages) for discrete variables.
aVariance ratios are only available for continuous variables.
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effect (α=0.20) causes the ICER to increase by 25% (ICER bias correction factor = 1.25); RTM equal to 50%
of the observed treatment effect (α=0.50) causes the ICER to increase by 100% (ICER bias correction
factor = 2).

Using the matched controls, we estimated RTM equal to 39% of the observed treatment effect (α=0.39),
resulting in an ICER bias correction factor of 1.64. Figure 4 shows indicative cost-acceptability curves for
the matched TKR recipients when using the standard assumption of a constant preoperative HrQoL in the
absence of surgery (blue), and when using the matched control counterfactual from this analysis (red).
Incorporating RTM in the matched control group significantly reduced the likelihood of cost effectiveness
and increased the uncertainty around the cost effectiveness of TKR as illustrated by the flatter acceptability
curve. At a willingness to pay threshold of $50,000/QALY, this suggests that TKR is likely to be cost effective
for 50% of the matched treatment group rather than almost 100% suggested under the standard control
assumptions.

Figure 2. Mean HrQoL for treated (TKR) and control matches: top 5th percentile TKR propensity score. Legend 2: Mean HrQoL trajectory
for treated and control matches for those most likely to receive treatment (top 5th percentile TKR propensity score). Relative to the average,
this cohort has larger deteriorations in HrQoL prior to treatment, larger gains from treatment, and larger RTM in the absence of treatment

Figure 1. Mean HrQoL for treated (TKR) and control matches. Legend 1: Mean HrQoL trajectory for treated and control matches. When
using current methods of economic evaluation, treatment significantly improves HrQoL. However, when compared to the estimated control

which shows evidence of RTM, treatment does not statistically improve HrQoL
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4.6. Robustness

The 95% confidence intervals for the control group HrQoL trajectory shown in Figure 1, derived from the
bootstrapping exercise, suggests the findings of RTM are robust to sampling variation of the potential matches.
The supplementary analyses contain the results of further checks to test the robustness of our results. We found
no significant differences from using WOMAC instead of HrQoL for the exact matching, or from analyzing
only the sub-cohort of patients with ideal follow-up relative to TKR.

Using equation 1 and data from the OAI dataset (HrQoL population mean=0.76; high risk threshold = 0.70
and between year correlation =0.75), we estimated RTM for this OA population cohort of 0.03, indicating that

Figure .3. ICER RTM bias correction factor as a function of RTM/Treatment effect ratio. Legend 3: ICER bias correction factor for RTM.
The relationship between RTM and the ICER bias correction factor is increasing. As RTM increases, the bias of the cost effectiveness of the

treatment using pre to post changes grows increasingly worse

Figure 4. Indicative cost-acceptability curve using matched treatment and control groups. Legend 4: Indicative cost-acceptability curves of
using standard economic methods (blue), and after adjusting for RTM using an explicit matched control group (red). After adjusting for
RTM, the probability that TKR is cost effective at a willingness to pay threshold of $50,000/QALY drops from almost 100% to around 50%
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the mean of those with HrQoL ≤0.70 can be expected to improve by 0.03 simply due to RTM. This is similar in
magnitude to that estimated from the matched control group and shown in Figure 1.

5. DISCUSSION

5.1. Estimating regression to the mean in total knee replacement

Patients who receive TKR typically experience a significant drop in HrQoL in the year preceding the TKR,
which might have suggested an ongoing decrease in the absence of TKR, but we found little evidence to
support this. We identified matches to act as a control group for 56% of the primary TKRs in the OAI
dataset. The average trajectory of this control group showed evidence of natural remission in HrQoL
without the surgery intervention. This remission accounted for a third of the QALY improvements from
surgery in the matched treatment group, and significantly reduced the cost-effectiveness of TKR, relative
to the traditional assumption that in the absence of surgery, patients’ HrQoL would have remained at
preoperative levels.

We discounted the possibility that remission in the control group was associated with the commencement of
some other treatment as we censored controls if they commenced frequent medication or injections. Further in-
vestigating the wider OA literature, we found support for the theory that our findings were due to RTM.
Researchers have shown that at the average level knee pain changes little over time and ‘is characterized by
persistent rather than inexorably worsening symptoms’ (Collins et al., 2014). At the individual level, pain
and functional impairment is intermittent and variable (Gooberman-Hill et al., 2007; Zhang et al., 2011;
Øiestad et al., 2016); patients actively adapt their behavior to mitigate the impact of OA on the lives
(Gooberman-Hill et al., 2007; Wright et al., 2008); there is evidence of non-parallel progression between radio-
graphic and symptomatic OA (Collins et al., 2014); and placebo effects, which include RTM, are common in
OA-related RCTs: a recent meta-analysis of such RCTs found a placebo effect size of 75% of the total effect
size (Zou et al., 2016). Combined, this suggested that a poor WOMAC or HrQoL score in one year might
not be indicative of a persistent poor score in the next and therefore that RTM was a plausible explanation
of the improvement observed in our matched control group. This was supported empirically by our findings
of RTM when the parameters from the OAI dataset were employed in equation 1.

5.2. Generalizability of findings

The TKR patients for which we were able to find appropriate non-TKR matches had relatively high preopera-
tive HrQoL, and reported only modest gains from the surgery. By contrast, the unmatched TKR group had sig-
nificantly poorer preoperative HrQoL and subsequently reported larger gains from surgery. It is the unmatched
group that appears more representative of TKR patients across the United States (see Appendix Table 6), which
posed some questions about the generalizability of our findings. However, in the analysis, we further explored
the unmatched cohort by examining the results for a sub-cohort of the matched cohort who were most similar to
the unmatched. This sub-cohort had comparable pre and post-surgery HrQoL to the unmatched group and also
showed evidence of RTM (Figure 2), suggesting that our findings are generalizable to the wider United States.

In Australia and the United Kingdom, patients who receive TKR typically have a lower preoperative HrQoL
and in turn achieve a higher gain in HrQoL from the surgery (see Appendix Table 6), and the rates of TKR
across the population are much lower in these countries. It is therefore difficult to categorically conclude that
RTM would be present in these settings; however, we note that (i) the sub-cohort of the matched with the low-
est preoperative HrQoL and the highest gains from surgery showed evidence of RTM (Figure 2); and (ii) that in
the formula-based method for assessing RTM, the magnitude of RTM increases as the cut-off threshold for
treatment becomes more extreme, as described in Section 2.
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5.3. Implications for economic evaluations of total knee replacement

These results have implications for economic evaluations of TKR and related issues. In the absence of random-
ized controlled trials, many cost-effectiveness analyses use observational data and adopt methods such as
regression or matching to help minimize bias (Kreif et al., 2013). Economic evaluations in hip and knee surgery
tend to ignore such methods, perhaps because of a lack of appropriate data; such evaluations tend to be based
on surgery registries capturing only treated patients, rather than observational studies such as the OAI that track
the OA disease over time. Our findings of RTM in the OA cohort suggest that cost-effectiveness analysis of
TKR may be biased if an adequate control group is not established. This is also true for model-based economic
evaluations that assume no expected improvement without treatment. A recent systematic review of joint
replacement in the US highlighted 12 studies that had completed cost-utility analysis around TKR or TKR-
related topics (Nwachukwu et al., 2015). All used some form of modeling (predominantly Markov or
decision-tree), but none afforded non-operative patients any opportunity to improve. Similarly, Mather et al.
(2014) found that TKR without delay was a cost-effective treatment when compared to waiting for TKR, but
assumed that waiting was at a much lower utility (0.60 for end-stage OA, versus 0.90 after successful primary
TKR) and did not allow for RTM while on the waiting list. Our results suggest that, at least for some of the
TKR cohort, waiting might be accompanied by an improvement in HrQoL. The systematic review also evalu-
ated the quality of each paper using the Quality of Health Economic Studies instrument and found that on
average the papers were of high quality with a mean score of 89.9 out of 100 (Nwachukwu et al., 2015), but
the evaluations of quality appear to ignore the potential impacts of RTM.

Forty-four percent of TKR recipients were unable to be matched. These patients were significantly different
in the key predictive attributes with poorer WOMAC, PCS, MCS, and HrQoL scores and larger deterioration
prior to surgery. The inability to find matches for this group suggests that patients who had such a progression
invariably had surgery and meant that we were unable to estimate an appropriate control trajectory. We
analyzed the sub-cohort of the control group most similar to the unmatched group: those with a propensity
score for TKR in the top 5th percentile. We found that the trajectory of this sub-cohort of the matched control
group also experienced RTM, consistent with the theory that RTM increases as the cut-off threshold for clas-
sification becomes more extreme. However, perhaps reassuringly, this highly likely to be treated sub-group
experienced larger QALY gains from surgery relative to the full cohort, even after accounting for RTM. This
suggests that in populations like Australia and the United Kingdom, where preoperative utility scores are
relatively low and gains from surgery relatively large, TKR is still likely to remain cost effective, on average,
even in the presence of RTM.

5.4. Wider implications for quasi-experimental studies

Our findings are generalizable to other quasi-experimental studies that use a pre–post study design. Such stud-
ies are likely to be susceptible to RTM just as we have shown with TKR. There are a range of mainstream treat-
ments that fall under this category, including cardiovascular treatments such as statins (Ble et al., 2016),
infection control (Eliopoulos et al., 2005; Stone et al., 2007), and public health initiatives (Cummins et al.,
2005). Economic evaluation of these treatments should consider RTM. Some steps noted in the literature are
first to acknowledge RTM and where possible adjust for it (Morton and Torgerson, 2003). Second, increasing
the number of preoperative measurements will add certainty around selection into treatment (Davis, 1976;
Stone et al., 2007). Finally, we have provided a simple ICER bias correction factor based on the level of RTM.

5.5. Limitations

Several limitations warrant mention. First, the use of propensity score and exact matching is unlikely to be as
effective as RCTs at eliminating bias. There is the possibility that unknown or unobservable factors are impor-
tant in selection for surgery, that there are some underlying differences between the treated and control group,
and/or that control group patients were treated for a non-related condition during the follow-up. It would be
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useful to replicate this study in conditions where both RCT and observational data are available, to provide a
gold standard for adjusting observational data for the impact of RTM.

Nonetheless, the matching covered key socio-demographic, healthcare access, and disease-specific factors
that have been identified in the literature as being associated with TKR (Apold et al., 2014) and considered im-
portant in tools being developed to aid decision-making (for example, the nomogram tool developed in Dowsey
et al., 2016). For the known, observable covariates, balancing was imperfect, and there was a trade-off between
the degree of covariate balance and the proportion of the treated that could be adequately matched. Our pre-
ferred matching delivered balance on key predictive covariates but resulted in 44% of treated being unmatched.
We found evidence of RTM in the sub-cohort of the matched most similar to the unmatched group, but the
exact size of the RTM in the unmatched cohort could not be determined in the absence of a control group.

Second, there was large uncertainty in the expected trajectory of our control group. The OAI dataset is the larg-
est long-term sample of OA progression available with almost 5000 patients followed over 9 years and counting,2

but a larger sample would have allowed us to provide a more certain view of the average trajectory of patients who
do not have surgery. Nonetheless, current economic evaluations typically assume with perfect certainty that the
control group HrQoL remains at the preoperative utility score (for example Jenkins et al. (2013); Schilling
et al. (2016); and Dakin et al. (2012)). Our work provided some evidence to help inform more realistic control
assumptions, even though further data and analysis would help to improve the certainty around the results.

A third limitation is the timing of follow-up relative to the TKR. We made adjustments to the data to account
for this based on the literature and observed trends in this dataset. The supplementary analysis of the sub-cohort
of patients who had TKR within three months of their last follow-up indicated that these adjustments had not
biased the results, but ideally, follow-up would have aligned closely with the TKR event for all patients.

5.6. Conclusions

Despite the broad awareness of RTM, and the known susceptibility of common quasi-experimental study
designs to RTM, many economic evaluations ignore it. This can lead to a bias in economic evaluation such that
the cost effectiveness of treatment will be overstated. We found evidence of RTM in OA that accounted for a
third of the previously predicted QALY gain from surgery and significantly reduced the cost effectiveness of
TKR. This common example highlights the ramifications of ignoring RTM in cost-effectiveness analyses.
Quasi-experimental pre–post studies are likely to be susceptible to RTM and should adjust for it in economic
evaluations.
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Background: We investigated the predictors of long-term gains in quality-adjusted life years (QALYs)
from total knee arthroplasty (TKA) and the patient attributes that predicted cost-effective TKA.
Methods: Data on TKA patients (n ¼ 570) from 2006 to 2007 were extracted from a single-institution
registry. QALY gains over 7 years post surgery were calculated from health-related quality of life
(HrQoL) scores measured preoperatively and annually postoperatively using the short-form health
survey (SF-12) instrument. Multivariate linear regression analysis investigated the predictors of QALY
gain from TKA from a broad range of preoperative patient characteristics and was used to predict QALY
gains for each individual. Patients were grouped into deciles according to their predicted QALY gain, and
the cost-effectiveness of each decile was plotted on the cost-effectiveness plane. Patient attribute dif-
ferences between deciles were decomposed.
Results: After exclusions and dropout, data were available for 488 patients. The average estimated QALY
gain over 7 years was 0.77 (95% confidence interval [CI] 0.70-0.83). Predictors significantly associated
with smaller QALY gains were comorbidities (Charlson comorbidity index 3þ coefficient �0.54 CI �0.15
to �0.92), the absence of severe osteoarthritis in the ipsilateral knee (�0.51 CI �0.16 to �0.85), preop-
erative HrQoL (standardized coefficient �0.34 CI �0.26 to �0.43), the requirement for an interpreter
(�0.24 CI �0.05 to �0.44), and age (�0.01 CI �0.01 to �0.02). The largest difference between cost-
effective and nonecost-effective deciles was relatively high preoperative HrQoL in the nonecost-effec-
tive decile.
Conclusion: TKA is likely to be cost-effective for most patients except those with unusually high pre-
operative HrQoL or a lack of severe osteoarthritis. The poorer outcomes for those requiring an interpreter
requires further research.
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Total knee arthroplasty (TKA) is presently considered an
effective and cost-effective procedure for treating patients with
end-stage arthritis [1]. Yet, up to 30% of patients remain dissatis-
fied with their outcomes [2], indicating that while TKA might be
cost-effective on average, outcomes can vary dramatically across
individuals. Given the volumes of TKA, it is important to under-
stand the drivers of positive outcomes. Similarly, with the volumes
of TKA expected to increase substantially over the next 15 years
[3], it is important that we can identify those for whom the pro-
cedure will be most cost-effective as population characteristics
change. In Australia, as in many Western countries, obesity rates
are climbing while smoking prevalence is declining [4]. These and
other time-varying factors may affect the future cost-effectiveness
of surgery.
sity of Melbourne November 17, 2016.
opyright ©2016. Elsevier Inc. All rights reserved.
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A range of literature has investigated the predictors of pain,
function, and health-related quality of life (HrQoL) outcomes after
TKA or total joint arthroplasty [5-8]. Dowsey and Choong [6]
summarize both nonmodifiable (eg, age, gender, ethnicity, and
socioeconomic status) and some modifiable (eg, comorbidities,
obesity, baseline health, and patient expectation) risk factors
associated with short- and long-term pain and function outcomes.
Smoking has also been shown to be systematically associated with
poorer complication and mortality outcomes after TKA [8]. Older
age, comorbidities, and poorer mental health negatively impacted
on longer term function and HrQoL outcomes [7]. Desmeules et al
[5] identified lower preoperative HrQoL, contralateral knee pain,
and comorbidities were significantly associated with poorer out-
comes at 6 months post surgery.

However, few in the literature have investigated the predictors
of HrQoL utility scores or quality-adjusted life year (QALY) out-
comes used in economic evaluations. Using multivariate linear
regression, Jenkins et al [9] found that younger age and poorer
preoperative HrQoL were associated with greater QALY gains. The
limitation to this analysis was the use of one single patient-
reported outcome at 12 months and the assumption that the
12-month HrQoL utility score was maintained until death. While
the largest improvement in HrQoL typically occurs in the first 6
months post surgery [10], recent literature suggests that the long-
term pain and function trajectory can vary significantly between
patients [11]. Longer term follow-up would allow the explicit
analysis of the predictors of long-term QALY gains. Using general-
ized linear models, Dakin et al [12] assessed the importance of 6
patient attributes (age, gender, body mass index [BMI], baseline
Oxford Knee Score, American Society of Anesthesiologists (ASA)
illness grade, and the presence of osteoarthritis in both rather than
1 knee) over 5 years. They found that all but BMI significantly
influenced cost-effectiveness, with higher age, Oxford Knee Score,
and ASA score reducing cost-effectiveness and cost-effectiveness
lower for men than women (although TKA as a treatment was
cost-effective across the vast majority of cases).

In this research, we investigate the preoperative predictors of
QALY gains from TKA after 7 years. We use a rich patient level data
set with 7-year follow-up that incorporates a broad range of patient
attributes: age, gender, comorbidities, osteoarthritis severity, BMI
and obesity, socioeconomic indicators, and risk factors such as
smoking. This extends the previous literature in both predictor
breadth and length of follow-up. By using patient-reported data for
7 years, we aim to capture the long-term impact of patient attri-
butes on QALY gain from TKA and to identify attributes that predict
cost-effective TKA vs attributes that suggest TKA is unlikely to be
cost-effective.

Methods

Data

Data on all patients who had a TKA between January 1, 2006 and
December 31, 2007were extracted from a single-institution clinical
registry that houses clinical and patient-reported outcome data in
patients who undergo elective lower limb arthroplasty by 1 of 15
surgeons. Baseline data are prospectively collected and includes
patient sociodemographics and self-reported comorbidities.
Follow-up captures an extensive range of outcomes, including
surgery and prosthesis-related variables. Patients complete a gen-
eral health questionnaire (Short Form Health Survey [SF]-12)
within 12 weeks before surgery and annually postoperatively to 5
years, then at 7 years. Study exclusions were due to loss to follow-
up or revisions, with a sensitivity analysis completed with revisions
included.
Downloaded from ClinicalKey.com.au at Un
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Estimation of QALY Gain

HrQoL utility scores are calculated from the SF-12 using the
standard Brazier algorithm [13]. The QALY gain from TKA was
calculated as the area between the utility curve after TKA, and the
hypothetical utility curve had the patient not had a TKA. The utility
curve after TKA was calculated by linearly interpolating between
measurement points. For the hypothetical “without TKA” curve, we
assumed the preoperative HrQoL utility score remained constant
for 7 years, as is standard in the literature [9,12]. QALY gains for
patients that died or were revised (when included in the sensitivity
analysis) within the 7-year follow-up were calculated in same way
up until the year of death or revision, with zero QALY gains accrued
thereafter.

Potential Preoperative Predictors

Baseline patient socioeconomic and demographic characteris-
tics included age, gender, and BMI which was categorized into
nonobese (BMI < 30 kg/m2), mildly obese (30 � BMI < 35 kg/m2),
moderately obese (35 � BMI < 40 kg/m2), and morbidly obese
(BMI � 40 kg/m2), HrQoL utility score, mental component sum-
mary (MCS) score (the physical component summary score is
excluded due to collinearity with the HrQoL and MCS scores),
smoking status (current smoker, previous smoker, or nonsmoker),
and comorbidities assessed via the Charlson comorbidity index.
Socioeconomic status was assessed via the Socio-Economic Index
For Areas deciles, developed by the Australian Bureau of Statistics
for ranking geographic regions within Australia according to
relative socioeconomic disadvantage [14]. Clinical variables
included contralateral TKA, severity of osteoarthritis as catego-
rized by a score of 3 or higher on the Kellgren-Lawrence scale for
both ipsilateral and contralateral sides, and the ASA physical
functioning score.

Statistical Analysis

We applied multivariate linear regression analysis to investigate
the predictors of QALY gain from TKA after 7 years. Alternative
model specifications were tested in supplementary analysis pro-
vided in the Appendices. The Ramsey Regression Equation Speci-
fication Error Test (RESET) test was conducted to test for model
misspecification such as incorrect functional form and/or omitted
variables [15]. Preoperative HrQoL and MCS utility scores were
standardized to a mean of zero and a standard deviation of 1, and
age centralized to the mean, to improve interpretation of results.

We then used the estimated regression model to predict the
QALY gains for each individual based on their characteristics and
evaluated the implications for the expected cost-effectiveness of
their TKA. Patients were grouped into deciles according to their
predicted long-term QALY gains. To provide an insight into the
characteristics of the patients in each decile, a representative
patient for each decile was generated based on the median attri-
butes. The cost-effectiveness of TKA for each representative
patient was plotted on the cost-effectiveness plane, using a stan-
dardized cost per TKA of $21,530 (estimated from our data set) and
confidence intervals (CIs) generated from the standard error of
QALY gain prediction. We did not explicitly estimate the incre-
mental cost-effectiveness ratio for each patient due to a smaller
set of available cost data; however, we show in the Appendix that
the cost of TKA was relatively invariant to the predictors evaluated
(Appendix 3). Finally, we compared the attributes between pre-
dicted cost-effective and nonecost-effective patients and high-
lighted the attribute differences that on average made the largest
contribution to the lower QALY gains for the nonecost-effective
iversity of Melbourne November 17, 2016.
n. Copyright ©2016. Elsevier Inc. All rights reserved.



Fig. 1. Boxplot of health-related quality of life preoperatively and at each follow-up
point. HrQoL, health-related quality of life.
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patients. All analysis was carried out using Stata 13.1 IC (Stata
Corp, College Station).

Results

HrQoL Utility Scores

There were 570 TKAs performed in 531 patients, of which, 61
cases were excluded based on criteria concerning revision (n ¼ 32),
relocation (n ¼ 16), or other loss to follow-up (n ¼ 13). Therefore,
509 subjects were eligible for 7-year follow-up, of which 488 (96%)
had complete data. Descriptive statistics of the data are provided in
Table 1. The average HrQoL utility score was 0.57 (CI: 0.56-0.58)
preoperatively, increasing to 0.71 (CI: 0.70-0.72) at 12-month post
surgery and 0.69 (CI: 0.67-0.70) at 7 years post surgery (Fig. 1). The
average total QALY gain over 7 years post surgery per person was
estimated to be 0.77 (CI: 0.70-0.83).

Predictors of QALY Gains From TKA After 7 Years

The results of the multivariate regression analysis are presented
in Table 2. Predictors significantly associated with QALY gains from
Table 1
Descriptive Statistics.

Variable Preoperative 1 y 7 y

Observations 488 488 488
Preoperative HrQoL utility score 0.57 ± 0.10 0.71 ± 0.15 0.69 ± 0.15
Preoperative MCS score 51.5 ± 10.2 51.1 ± 10.9 48.8 ± 11.4
Deaths 0 7 (1%) 71 (15%)
Gender (male) 160 (33%)
Age at surgery (y) 71.0 ± 8.5
Ipsilateral OA (K-L 3 or 4) 470 (97%)
Contralateral OA (K-L 3 or 4) 268 (56%)
Obesity (yes) 289 (59%)
30-35 152 (31%)
35-40 93 (19%)
40þ 44 (9%)
BMI (kg/m2) 31.8 ± 5.8
Comorbidities (CCI)
0 249 (51%)
1 151 (31%)
2 68 (14%)
3þ 20 (4%)

ASA
1 10 (2%)
2 289 (59%)
3 178 (36%)
4 11 (2%)

Diabetes (yes) 96 (20%)
Interpreter 65 (13%)
SEIFA
1 27 (6%)
2 29 (6%)
3 23 (5%)
4 19 (4%)
5 47 (10%)
6 42 (9%)
7 97 (20%)
8 91 (19%)
9 82 (17%)
10 31 (6%)

Current smoker (yes) 34 (7%)
Ex smoker (yes) 96 (20%)
Contralateral TKA (yes) 138 (28%)

Data are means ± standard deviations for continuous variables, and counts and
percentages for discrete variables.
ASA, American Society of Anesthesiologists illness grade; CCI, Charlson comorbidity
index; HrQoL, health-related quality of life score; OA, osteoarthritis; SEIFA, Socio-
Economic Index For Areas; TKA, total knee arthroplasty; MCS, mental component
summary; BMI, body mass index.
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TKA after 7 years at the 5 percent level were preoperative HrQoL
utility, osteoarthritis severity in the ipsilateral knee, the presence of
2 or more comorbidities, age, and the requirement for an inter-
preter. Current smoking (smoking at baseline) and the absence of
severe osteoarthritis in the contralateral knee were not significant
predictors at the 5 percent level but had P values below the 10
percent level.

Figure 2 shows the average marginal impact of the full set of
predictors on QALY gains from TKA after 7 years. Patients with 3 or
more comorbidities, or patients without severe osteoarthritis in
the ipsilateral knee, had significantly lower gains from TKA of
Table 2
Multivariate Linear Regression of QALY Gain at 7-Y.

Variable Coefficient P-Value 95% Confidence
Intervals

Constant 1.15 <.001 0.65 1.65
Preoperative HrQoL utility

score (standardized)
�0.34 <.001 �0.43 �0.26

Preoperative MCS score
(standardized)

0.07 .144 �0.02 0.16

Ipsilateral OA (K-L 3 or 4) �0.51 .004 �0.85 �0.16
Contralateral OA (K-L 3 or 4) �0.15 .059 �0.31 0.01
SEIFA �0.01 .370 �0.04 0.01
Age (y; centralized) �0.01 .002 �0.02 �0.01
Gender (male) 0.03 .678 �0.12 0.18
Diabetes (yes) 0.06 .506 �0.13 0.26
Interpreter (yes) �0.24 .015 �0.44 �0.05
Contralateral TKA (yes) 0.00 .981 �0.17 0.17
BMI (reference <30 kg/m2)
30-35 kg/m2 0.06 .473 �0.10 0.21
35-40 kg/m2 0.06 .513 �0.13 0.25
40þ kg/m2 �0.14 .294 �0.39 0.12

Smoking (reference ¼ nonsmoker)
Ex smoker 0.09 .314 �0.08 0.26
Current smoker �0.26 .054 �0.52 0.00

CCI (reference ¼ 0)
1 �0.07 .425 �0.24 0.10
2 �0.24 .033 �0.45 �0.02
3þ �0.54 .007 �0.92 �0.15

ASA (reference ¼ 1)
2 �0.11 .630 �0.57 0.34
3 �0.17 .475 �0.64 0.30
4 �0.41 .204 �1.04 0.22

ASA, American Society of Anesthesiologists illness grade; CCI, Charlson comorbidity
index; HrQoL, health-related quality of life score; OA, osteoarthritis; SEIFA, Socio-
Economic Index For Areas; TKA, total knee arthroplasty; MCS, mental component
summary; QALY, quality-adjusted life year; BMI, body mass index.

sity of Melbourne November 17, 2016.
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Fig. 2. Dots show average effect; bars show 95% confidence intervals. ASA, American
Society of Anesthesiologists illness grade; CCI, Charlson comorbidity index; PreOp
HrQoL (z), standardized preoperative health-related quality of life score; OA, osteoar-
thritis; C/L, contralateral; Age (c), centralized age; SEIFA, Socio-Economic Index For
Areas; TKA (C/L), contralateral total knee arthroplasty; PreOp MCS (z), standardized
preoperative mental component summary score.
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around half a QALY relative to less comorbid patients and those
with severe osteoarthritis, respectively. Patients with a 1 standard
deviation higher preoperative HrQoL utility score, patients who
smoked, or patients who required an interpreter had lower gains
by between a quarter and a third of a QALY. While preoperative
HrQoL was negatively related with QALY gains, preoperative MCS
was positively related.

Results from different model specifications are shown in
Appendix 1; however, the key inferences did not change. We
found no evidence of misspecification using the Ramsey RESET
test (P ¼ .825). The inclusion of revisions did little to the key
results (Fig. 5, Appendix 2).
Fig. 3. Cost-effectiveness plane for TKA vs no TKA. Diamond point estimates represent each
offsets between deciles are to aid clarity of viewing only. The dashed line represents a $5
considered cost-effective, and cases below the line are considered cost-effective. QALY, qua
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Predicted Cost-Effectiveness and Characteristics of NoneCost-
Effective Patients

The regression model was used to predict cost-effectiveness
from patient attributes, and patients were grouped into deciles
according to their predicted QALY gain from TKA. Figure 3 presents
the cost-effectiveness of median representative patients from a
selection of the deciles, and Table 3 provides their characteristics.
Surgery on the representative decile 1 patient is not cost-effective
at a willingness-to-pay threshold of $50,000/QALY, while we are
only around 50 percent certain that surgery on the decile 2
representative patient would be cost-effective.

Nonecost-effective decile 1 patients have significantly better
preoperative HrQoL and lack severe osteoarthritis in the contra-
lateral knee but conversely have higher comorbidity, a worse
physical ASA score, and come from worse socioeconomic areas,
relative to cost-effective patients in decile 5 or 10. The attribute
differences that make the largest contribution to the reduced cost-
effectiveness are shown in Figure 4. The major contributors of the
long-term QALY difference between deciles 1 and 5 (Fig. 4A) are the
higher preoperative quality of life in decile 1, the higher probability
of a lack of severe osteoarthritis, an ASA score of 3 vs 2, and the
presence of comorbidity (vs no comorbidity). These attributes, with
the addition of age (decile 1 patients are on average 10 years older
than decile 10 patients), are also the major contributors to the
differences in QALY gain between nonecost-effective decile 1 and
particularly cost-effective decile 10 (Fig. 4B).

Discussion

Predictors of Long-Term QALY Gain

We found that patients with worse preoperative HrQoL and
severe osteoarthritis were significantly associated with better long-
term QALY gains. We observed a positive although not significant
association between preoperative mental health and QALY gains
decile with confidence intervals generated from the prediction standard errors. Cost
0,000/QALY threshold for recommended adoption where cases above the line are not
lity-adjusted life year; TKA, total knee arthroplasty.

iversity of Melbourne November 17, 2016.
n. Copyright ©2016. Elsevier Inc. All rights reserved.
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(Fig. 2), indicating that poorer preoperative mental health can
restrict gains from TKA. These findings are consistent with a recent
systematic review [16] that found lower preoperative mental
health can influence the outcomes from TKA. We also found that
QALYgains from TKAwere negatively associated with both the level
of comorbidity and physical malfunction as measured by the
Charlson comorbidity index and ASA scores, respectively (Fig. 3);
however, there was large uncertainty around the findings on the
ASA score. Nonetheless, the negative association with QALYs is
consistent with Dakin et al [12] andmorewidely with the literature
on functional outcomes [17,18].

Overall, the previously mentioned findings using 7-year follow-
up were consistent with previous literature based predominantly
on shorter follow-up times; however, this need not always be the
case. Given the age of the TKA patient cohort, competing mortality
and morbidity risks are likely to increasing impact on cost-
effectiveness, and thus, it remains important to explicitly mea-
sure the QALY gains from TKA over the long-term as the data
become available.

The Requirement for an Interpreter

We found that the requirement for an interpreter significantly
reduced the long-term QALY gains from TKA, consistent with pre-
vious research using earlier data from our center that identified
worse TKA functional outcomes for those from a noneEnglish-
speaking background [19]. The protocol at the study institution
offers free interpreter services for all patients who self-report that
English is not their primary language. An interpreter alert is added
to the patient's hospital profile that automatically generates a
referral for an interpreter when a follow-up appointment is made.
Sixty-five (13%) patients utilized these services.

More generally, race has been shown to impact clinical out-
comes from TKA [20]. Unfortunately, our study cannot decipher the
causal pathways of race, noneEnglish-speaking households, or the
presence of an interpreter to negative outcomes or even if the
outcome is a function of downward bias due to the interpreter.
However, we can say that this result is not simply confounding
socioeconomic status more generally, as the geographical socio-
economic geographic Socio-Economic Index For Areas variable was
not significantly associated with negative outcomes (even under
Table 3
Representative Median Patient Attributes by QALY Decile.

Least Cost-Effective

1 2 3 4

Incremental cost-effectiveness
ratio ($/QALY)

230,499 $53,053 $37,271 $31,701

Preoperative HrQoL utility
score (standardized)

1.89 0.94 0.51 0.15

Preoperative MCS score
(standardized)

0.72 0.48 0.12 0.17

Ipsilateral OA (K-L 3 or 4) 0 (0.19) 0 (0.06) 0 (0.02) 0 (0.02)
Contralateral OA (K-L 3 or 4) 1 (0.33) 1 (0.29) 1 (0.29) 1 (0.27)
SEIFA 8 7 7 8
Age (y; centralized) 4.0 3.0 4.0 2.0
Gender (male) 1 (0.59) 1 (0.58) 0 (0.46) 1 (0.67)
Diabetes (yes) 0 (0.20) 0 (0.33) 0 (0.25) 0 (0.25)
Interpreter (yes) 0 (0.14) 0 (0.13) 0 (0.15) 0 (0.29)
Contralateral TKA (yes) 0 (0.33) 0 (0.29) 0 (0.29) 0 (0.27)
BMI category 0 1 0 1
Smoking 0 (0.10) 0 (0.08) 0 (0.10) 0 (0.06)
CCI 1 1 1 1
ASA 3 3 2 2

BMI categories 0 ¼ <30 kg/m2; 1 ¼ 30 � BMI < 35 kg/m2. Bracketed figures provide pro
ASA, American Society of Anesthesiologists illness grade; CCI, Charlson comorbidit
Socio-Economic Index for Areas; TKA, total knee arthroplasty; MCS, mental component
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different model specifications shown in Appendix 1). This is
consistent with earlier work that similarly found that socioeco-
nomic status was not an independent predictor of poor pain and
functional outcomes [21], and that those from lower socioeconomic
groups appear to benefit equally from TKA [22]. Our findings sug-
gest that the issues of race, noneEnglish-speaking, and the pres-
ence of an interpreter are more nuanced than simple confounding
with socioeconomic status.

Smoking and BMI

The literature on modifiable risk factors focuses largely on
smoking and obesity and suggests better outcomes for nonsmokers
[8] and those with lower BMI [23,24]. Our analysis confirms that
smoking is negatively related to the QALYgains from TKA.Whenwe
considered BMI as a continuous variable (Appendix 1), it was also
negatively associated with QALY gains at the 10 percent level;
however, the main model using obesity categories suggests that
BMI only begins to negatively impact on HrQoL for the morbidly
obese (those with a BMI � 40 kg/m2).

Implications for Cost-Effectiveness and Identifying NoneCost-
Effective Patients

Identifying before surgery those patients who would not
receive long-term benefits from TKA could improve both patient
and cost outcomes. Recent research has developed a simple
decision aid nomogram to help both surgeon and patient
understand the likelihood of response to TKA at 12 months [25].
Our research was complementary, investigating the predictors of
long-term cost-effectiveness of TKA rather than short-term
response to TKA. We found that TKA was cost-effective for the
vast majority of patients, but the biggest difference between cost-
effective and nonecost-effective patients was the patient's pre-
operative HrQoL. Those predicted to have relatively poor gains
from TKA already have relatively high preoperative HrQoL. They
also had a higher probability of nonsevere osteoarthritis in both
ipsilateral and contralateral knees, although the majority still had
severe osteoarthritis in the ipsilateral knee. For these patients,
however, severe osteoarthritis did not appear to hinder their
quality of life. Patient adaptation is known to cause a divergence
Deciles Most Cost-Effective

5 6 7 8 9 10

$27,945 $25,054 $23,077 $20,837 $18,743 $15,865

0.30 �0.29 �0.10 �0.41 �0.45 �1.04

0.30 0.19 0.04 0.06 �0.18 �0.43

0 (0.00) 0 (0.00) 0 (0.02) 0 (0.04) 0 (0.00) 0 (0.00)
0 (0.35) 0 (0.29) 0 (0.31) 0 (0.29) 0 (0.23) 0 (0.21)
7 7 7 7 7 6
5.0 1.0 �1.0 1.5 �4.0 �6.5
1 (0.67) 1 (0.69) 1 (0.75) 1 (0.81) 1 (0.75) 1 (0.73)
0 (0.08) 0 (0.13) 0 (0.10) 0 (0.19) 0 (0.27) 0 (0.15)
0 (0.04) 0 (0.23) 0 (0.10) 0 (0.08) 0 (0.06) 0 (0.08)
0 (0.35) 0 (0.29) 0 (0.31) 0 (0.29) 0 (0.23) 0 (0.21)
1 1 1 1 1 1
0 (0.02) 0 (0.04) 0 (0.02) 0 (0.15) 0 (0.04) 0 (0.08)
0 0 0 0 1 0
2 2 2 2 2 2

portions for binary variables.
y index; HrQoL, health-related quality of life score; OA, osteoarthritis; SEIFA,
summary.
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QALYs
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Non-severe vs severe OA
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Fig. 4. Striped bars show median 7-year QALY gain after TKA for given deciles. Gray bars show contribution of each attribute to the QALY difference between deciles. (A) Compares
decile 1 (nonecost-effective) to decile 5 (cost-effective). (B) (bottom) compares decile 1 (nonecost-effective) to decile 10 (particularly cost-effective). ASA, American Society of
Anesthesiologists illness grade; CCI, Charlson comorbidity index; PreOp HrQoL (z), standardized preoperative health-related quality of life score; OA, osteoarthritis; QALYs, quality-
adjusted life years.
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between radiographic and symptomatic outcomes [26] and could
provide one explanation of this intriguing result. For surgeons
attempting to identify appropriate candidates for TKA, this
suggests that radiographic osteoarthritis is a necessary but not
sufficient condition for selecting patients for TKA; for the TKA to
Downloaded from ClinicalKey.com.au at Un
For personal use only. No other uses without permissio
be cost-effective, patients should also be experiencing a reduced
quality of life as a result of the osteoarthritis. Conversely,
unusually high preoperative HrQoL or the absence of severe
osteoarthritis should act as a flag for a potential nonecost-
effective patient, consistent with the earlier nomogram decision
iversity of Melbourne November 17, 2016.
n. Copyright ©2016. Elsevier Inc. All rights reserved.
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tool that found a lack of severe radiographic or symptomatic
osteoarthritis (albeit measured by the Western Ontario and
McMaster Universities osteoarthritis index rather than HrQoL)
predicted a lower chance of response.
Limitations

Several limitations warrant mention. First, our study was per-
formed at a single institution and the sourcing of patients from a
single center was a potential source of selection bias. There are very
few studies which have the range of presurgery variables to allow
comparison, but we have compared our results for key attributes to
those from studies that investigated a narrower range of patient
attributes. Our key results remained robust to changes in model
specification.

Second, the long-term nature of the analysis draws into question
the use of a constant “without surgery” counterfactual at the pre-
operative HrQoL utility score. Comorbid TKA recipients and those in
poor health as reflected by high ASA scores are more likely to have
suffered some amount of deterioration in HrQoL in the absence of
TKA. The lower QALY gains from TKA for this cohort might simply
reflect the deterioration in HrQoL that would have been experi-
enced had the patient not had TKA. Similarly, a patient with rela-
tively high preoperative HrQoL could undergo TKA as a preemptive
measure to avoid future deterioration in HrQoL. Presently,
economic evaluations typically adopt the same counterfactual
assumptions adopted here, namely carrying forward the preoper-
ative HrQoL utility score (eg, Jenkins et al [9] and Dakin et al [12])
and, thus, cannot capture the gains from TKA in these instances.We
suggest that further work is required to investigate the nonsurgical
HrQoL pathway, to accurately assess if TKA is cost-effective for a
wide variety of patients.

Third, due to a smaller cost data set, our cost-effectiveness
analysis used an average cost for TKA rather than individual-level
cost data. We show in the Appendix that the cost of TKA was
relatively invariant to the predictors evaluated but that patients
with high levels of comorbidity and poor ASA scores could be
expected to have higher costs for the TKA (Appendix 3). This would
reinforce the nonecost-effectiveness of deciles 1 and 2 which have
relatively high prevalence of these attributes.
Conclusion

Despite the TKA volumes currently performed, there is sur-
prisingly little research into the predictors of the long-term cost-
effectiveness of TKA. We found that the patients with severe knee
osteoarthritis and poor preoperative HrQoL but little comorbidity
were most likely to achieve good long-term QALY outcomes. TKA is
a cost-effective treatment for these patients. By contrast, TKA is
unlikely to be a cost-effective treatment for patients with particu-
larly good preoperative HrQoL, or nonsevere knee osteoarthritis.
This is perhaps not surprising but does reiterate the need to focus
the treatment on those who will benefit the most from itdthose
with relatively poor HrQoL largely due to the physical issues
associated with end-stage knee osteoarthritis. We also found that
the requirement of an interpreter was associated with significantly
poorer outcomes. The reasons for this require further research.
Downloaded from ClinicalKey.com.au at Univer
For personal use only. No other uses without permission. C
Appendix A. Supplementary Data

Supplementary data related to this article can be found at http://
dx.doi.org/10.1016/j.arth.2016.07.036.
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Appendix 1. Regression Model With Alternative Specifications for SEIFA and BMI
Table 4
Multivariate Regression of QALY Gain at 7 YearsdSEIFA Sensitivity.

Variable Coefficient P-Value 95% Confidence
Intervals

Constant 1.09 <.001 0.56 1.63
Preoperative HrQoL utility

score (standardized)
�0.34 <.001 �0.42 �0.26

Preoperative MCS score
(standardized)

0.07 .135 �0.02 0.16

Ipsilateral OA (K-L 3 or 4) �0.49 .007 �0.84 �0.13
Contralateral OA (K-L 3 or 4) �0.15 .062 �0.31 0.01
SEIFA (reference ¼ 1)
2 �0.08 .678 �0.45 0.30
3 0.03 .892 �0.38 0.43
4 �0.04 .843 �0.45 0.37
5 0.06 .746 �0.29 0.40
6 �0.14 .411 �0.49 0.20
7 0.02 .892 �0.28 0.32
8 �0.11 .479 �0.42 0.20
9 �0.15 .333 �0.47 0.16
10 �0.01 .956 �0.39 0.36

Age (centralized) �0.01 .002 �0.02 �0.01
Gender (male) 0.04 .579 �0.11 0.19
Diabetes (yes) 0.05 .584 �0.14 0.25
Interpreter (yes) �0.22 .031 �0.42 �0.02
Contralateral TKA (yes) �0.01 .920 �0.18 0.16
BMI (reference <30 kg/m2)
30-35 kg/m2 0.05 .558 �0.11 0.20
35-40 kg/m2 0.06 .520 �0.13 0.25
40þ kg/m2 �0.14 .279 �0.40 0.12

Smoking (reference ¼ nonsmoker)
Ex smoker 0.10 .257 �0.07 0.27
Current smoker �0.28 .042 �0.54 �0.01

CCI (reference ¼ 0)
1 �0.08 .380 �0.25 0.09
2 �0.25 .025 �0.47 �0.03
3þ �0.53 .008 �0.92 �0.14

ASA (reference ¼ 1)
2 �0.08 .749 �0.54 0.39
3 �0.14 .562 �0.61 0.33
4 �0.37 .256 �1.01 0.27

ASA, American Society of Anesthesiologists (ASA) illness grade; CCI, Charlson co-
morbidity index; HrQoL, health-related quality of life score; OA, osteoarthritis;
SEIFA, Socio-Economic Index For Areas; TKA, total knee arthroplasty; MCS, mental
component summary.

Table 5
Multivariate Linear Regression of QALY Gain at 7 YearsdBMI Sensitivity.

Variable Coefficient P-Value 95% Confidence
Intervals

Constant 1.44 <.001 0.85 2.03
Preoperative HrQoL utility

score (standardized)
�0.35 <.001 �0.43 �0.27

Preoperative MCS score
(standardized)

0.07 .107 �0.02 0.16

Ipsilateral OA (K-L 3 or 4) �0.53 .003 �0.88 �0.18
Contralateral OA (K-L 3 or 4) �0.14 .076 �0.30 0.01
SEIFA �0.01 .269 �0.04 0.01
Age (y; centralized) �0.02 .000 �0.02 �0.01
Gender (male) 0.06 .445 �0.09 0.20
Diabetes (yes) 0.09 .371 �0.10 0.28
Interpreter (yes) �0.23 .023 �0.42 �0.03
Contralateral TKA (yes) 0.01 .898 �0.16 0.18
BMI (continuous) �0.01 .092 �0.02 0.00
Smoking (reference ¼ nonsmoker)
Ex smoker 0.09 .283 �0.08 0.26
Current smoker �0.26 .055 �0.52 0.01

CCI (reference ¼ 0)
1 �0.08 .361 �0.25 0.09
2 �0.23 .036 �0.45 �0.01
3þ �0.50 .011 �0.88 �0.11

ASA (reference ¼ 1)
2 �0.06 .805 �0.51 0.40
3 �0.11 .637 �0.58 0.36
4 �0.35 .276 �0.98 0.28

ASA, American Society of Anesthesiologists (ASA) illness grade; CCI, Charlson
comorbidity index; HrQoL, health-related quality of life score; OA, osteoarthritis;
SEIFA, Socio-Economic Index For Areas; TKA, total knee arthroplasty; MCS, mental
component summary.
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Appendix 2. Regression Model With Revisions Included in Analysis
Fig. 5. Dots show average effect; bars show 95% confidence intervals. ASA, American
Society of Anesthesiologists illness grade; CCI, Charlson comorbidity index; PreOp
HrQoL (z), standardized preoperative health-related quality of life score; OA, osteoar-
thritis; C/L, contralateral; Age (c), centralized age; SEIFA, Socio-Economic Index For
Areas; TKA (C/L), contralateral total knee arthroplasty; PreOp MCS (z), standardized
preoperative mental component summary score.
Appendix 3. Regression Model of Total Costs of TKA
Fig. 6. Dots show average effect; bars show 95% confidence intervals. ASA, American
Society of Anesthesiologists illness grade; CCI, Charlson comorbidity index; PreOp
HrQoL (z), standardized preoperative health-related quality of life score; OA, osteoar-
thritis; C/L, contralateral; Age (c), centralized age; SEIFA, Socio-Economic Index For
Areas; TKA (C/L), contralateral total knee arthroplasty; PreOp MCS (z), standardized

preoperative mental component summary score.
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Background: The number and age demographic of the future Fontan population is unknown.
Methods: Population projections were calculated probabilistically using microsimulation. Mortality hazard rates
for each Fontan recipient were calculated from survivorship of 1353 Fontan recipients in the Australia and New
Zealand Fontan Registry, based on Fontan type, age at Fontan, gender and morphology. Projected rates of new
Fontan procedures were generated from historical rates of Fontan procedures per population births.
Results: At the end of 2014, the living Fontan population of Australia and New Zealand was 1265 people from an
Australian and New Zealand regional population of 28 million (4.5 per 100,000 population). Of those, 165 (13%)
received an atrio-pulmonary (AP) procedure, 262 (21%) a lateral tunnel (LT) procedure and 838 (66%) an extra-
cardiac conduit (ECC) procedure. This population is expected to grow to 1917 (95% CI: 1846: 1986) by 2025 (5.8
per 100,000 population), with 149 (8%) AP procedures, 254 (13%) LT procedures, and 1514 (79%) ECC proce-
dures. By 2045, the living Fontan population is expected to reach 2986 (95% CI: 2877: 3085; 7.2 per 100,000
population). The average age of the Fontan population is expected to increase from 18 years in 2014 to
23 years (95% CI: 22–23) by 2025, and 31 years (95% CI: 30–31) by 2045.
Conclusion: The Australian and New Zealand population of patients alive after a Fontan procedure will double
over the next 20 years increasing the demand for heart-failure services and cardiac transplantation. Greater
consideration for the needs of this mostly adult Fontan population will be necessary.

© 2016 Elsevier Ireland Ltd. All rights reserved.
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1. Introduction

The introduction of the Fontan procedure in 1971 dramatically im-
proved the chances of survival into adulthood for patients born with a
single ventricle [1]. Successive changes of techniques have further
gery, Royal Children's Hospital,

m).

.
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improved the survival of this population with various teams recently
reporting 20 year survival after Fontan superior to 92% for thosewho re-
ceived an extra-cardiac conduit (ECC) or lateral tunnel (LT) procedure
[2]. However this population is still afflicted by a heavy burden of dis-
ease. In recent times, it has been estimated that close to half of Fontan
recipients suffer from adverse events such as arrhythmias, thrombo-
embolic events, reintervention and poor functional status [2]. With the
lack of population-based data, and the progressive improvements in
survival, it has been difficult to build prediction estimates of this
niversity of Melbourne November 17, 2016.
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Fig. 1. Panels a and b Fontan hazard assumptions. Legend: left a: mortality hazard
projections based on constant relative risk (base case); right b: mortality hazard
projections based on continued current trends (sensitivity test). AP = atrio-pulmonary;
LT = lateral tunnel; ECC = extra-cardiac conduit.
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population. This lack of prediction leaves us unprepared to face the
needs of this growing population. We aimed to utilize the long-term
follow-up of this population captured by amulti-site registry to develop
a prediction of the growth of this patient population over the next
30 years.

2. Materials and methods

2.1. Data: the Australia and New Zealand Fontan Registry

The Australia and New Zealand Fontan Registry collects a limited set
of health data in all survivors of a Fontan procedure successfully
discharged from hospital. The design and implementation of the regis-
try have been previously reported [3]. Authorization for ongoing analy-
sis of the data collected by the registry has been included within the
initial design of the registry. Data were censored at the end of 2014.

2.2. Definitions

The hazard rate for mortality is the probability of death in the next
year, conditional on having survived to that age. The general population
hazard rate for mortality can be obtained from the Australian Bureau of
Statistics [4], and captures the mortality due to all causes. We defined
the Fontan hazard rate for mortality as the hazard rate for mortality
specific to the Fontan population.

2.3. Statistical analysis

Survival was examined with a proportional hazards multivariate
model using the factors and groupings identified in previous survival
analysis [2]: Fontan type (atrio-pulmonary (AP) versus ECC/LT), age at
Fontan (N7 years), gender and morphology (hypoplastic left-heart
syndrome (HLHS) versus other). Testing of the proportional hazards
assumption was based on the link test of model specification and a
Schoenfeld residuals test of the Cox form of the model [5].

The registry has 34 years of ‘at-risk’ data on survival for a minimum
of 10 patients who have undergone an AP, 26 years for those who re-
ceived a LT, and 18 years for thosewho received an ECC, allowing the es-
timation of the mortality hazards for this period. To estimate the
mortality hazards for the future years with yet unaccounted survival,
we employedparametricmodelling, a standard technique in health eco-
nomics [6]. Parametric curves were fitted to the known survivorship
data and used to project the mortality hazards of those living with a
Fontan circulation later in life.We employed aWeibull curve for the un-
derlying functional form, and tested a Gompertz curve in a sensitivity
analysis. These two functional forms are typically used in survival anal-
ysis because their forms are well-suited to modelling human mortality
[6].

Parametric modelling techniques are suitable when the hazard
trends are thought to be relatively consistent [7]. To date, this is true
for the Fontan hazard rates [2]. However there is uncertainty about
how these hazards will change as this population grows older. To eval-
uate this uncertainty, we modelled two separate scenarios. In the base
case scenario, we adopted a ‘constant relative risk’ assumption that is
sometimes used in other diseases such as childhood cancer mortality
modelling [8]. We assumed that the ratio of mortality risk between
Fontan survivors and the wider population at 35 years post-Fontan is
maintained as the Fontan recipients grow older (Fig. 1a). This suggests
a rapidly increasingmortality hazard rate for the AP Fontan population,
relative to current trends. In a sensitivity analysis, we tested the “best-
case” assumption that the Fontan mortality hazard rates continue on
current trends, until reaching the all-cause population-wide hazard
rates. At this point, around 65 years after the Fontan procedure, the
Fontanmortality hazard rates increase in linewith thewider population
(Fig. 1b). Under this assumption, the all-cause population-wide hazards
provided a lower-limit for the unknown later-life Fontan hazards: we
Downloaded from ClinicalKey.com.au at Unive
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would not expect a 70 year old Fontan recipient to have a lower chance
of death in her 70th year than a 70 year old from the general population.
The proportion of AP Fontan recipients that have takedown, transplant
or conversionwas estimated based on age and Fontan type after the sur-
vival analysis. Including these as intermediate events within the surviv-
al analysis did not significantly impact on longer term population
estimates and was therefore excluded.

Fontan population projections were calculated using micro-
simulation, a technique commonly used to model heterogeneous life
paths at the individual level [9]. Projected rates of new Fontan proce-
dures were probabilistically generated based onmean and standard de-
viation of ten-year historical (2005–2015) rates of Fontan procedures
per population births. Australian and New Zealand birth projections
were sourced from the Australian Bureau of Statistics [10] and Statistics
New Zealand [11] respectively. Survivorship for each Fontan recipient
was based on Fontan type (atrio-pulmonary (AP) versus ECC/LT), age
at Fontan (N7 years), gender and morphology (hypoplastic left-heart
syndrome (HLHS) versus other) as described above. For each individual,
the hazard ratios for these characteristics were randomly drawn from
the 95% confidence intervals derived in theWeibull analysis, a standard
approach in microsimulation [9]. All new Fontan procedures were as-
sumed to be ECC type, as is the custom in the study region, while age
at Fontan, gender and morphology were randomly determined based
on current registry proportions. The microsimulation was repeated
100 times and confidence intervalswere calculated for themean projec-
tions. Data analysis was performed using Stata 13.1 (Stata Corp, College
Station, USA) and Matlab 2015a [12].
rsity of Melbourne November 17, 2016.
opyright ©2016. Elsevier Inc. All rights reserved.



Table 1b
Characteristics of deceased patients.

All AP LT ECC

n 88 46 23 19
Deaths/total Fontans 7% 22% 8% 2%
Female 33 (38%) 21 (46%) 7 (32%) 4 (21%)
Age at death (years) 18.5 ± 10.1 21.7 ± 10.7 16.9 ± 9.5 12.7 ± 5.7
Age at Fontan (years) 7.3 ± 4.8 8.3 ± 5.4 5.9 ± 4.2 6.4 ± 3.4
Number aged N 7 years 35 (40%) 24 (52%) 5 (22%) 6 (32%)
HLHS 6 (7%) 1 (2%) 1 (5%) 4 (21%)

AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac conduit.
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3. Results

Data for the current analyses were extracted from the Fontan regis-
try on 11 June, 2015. Between 1975 and the end of 2014, the details of
1423 patients who had received a Fontan procedure within Australia
or New Zealand had been recorded by the registry. Nineteen patients
(1%) were excluded as the Fontan procedure was performed overseas;
12 (1%) refused to participate in the registry or subsequentlywithdrew;
18 (1%) had a missing date of Fontan procedure; and 15 (1%) were
known to be deceased but the specific date of death was missing. Of
the remaining total of 1353 procedures, 211 (16%) were AP connection
performed between 1975 and 1996; 285 (21%) were a LT performed
from 1980 to 2014; and 857 (63%) were an ECC performed from 1990
to 2014. The characteristics of the patients are displayed in Table 1a.
There were 88 deaths after hospital discharge (46 AP, 23 LT and 19
ECC Fontans (Table 1b)). Subsequent takedown, transplant or conver-
sions have been performed on 48 (23%) of the AP recipients, 14 (5%)
of the LT recipients, and 14 (2%) of the ECC Fontan recipients
(Table 1c). Physical activity as measured by the New York Heart Associ-
ation score of III or IV [13] was recorded in 53 (4%) recipients (18 AP, 9
LT and 26 ECC Fontans).
3.1. Survival

The 18 year survival was 85% (95% CI: 79–89%) for an AP Fontan, 93%
(95% CI: 89–95%) for an LT Fontan and 92% (95% CI: 89–96%) for an ECC
Fontan. The 26 year survivalwas 80% (95%CI: 74–85%) for anAP Fontan,
and 89% (95% CI: 82–94%) for an LT Fontan. The 34 year survival of
patients who had an AP Fontan was 75% (95% CI: 67–81%).The Kaplan
Meier curve of survival is shown in Fig. 2. Bymultivariate parametric re-
gression, the risk factors predictive of mortality were atrio-pulmonary
Fontan type, Fontan operation after 7 years of age and male gender
(Table 2). HLHSmorphology was not a significant predictor of mortality
at the 10% level. The Weibull shape parameter of less than 1 suggests
that the Fontan hazards are slightly decreasing with time since Fontan
procedure. The model specification and Schoenfeld residuals tests
(Appendix 1) suggest that the proportional hazard assumption was
not violated.
3.2. Current population

At the end of 2014, the current estimate of the living Fontan popula-
tion of Australia and New Zealand was 1265 people (550 females, 715
males) from an Australian and New Zealand population of 28.0 million
(population proportion of 4.5 per 100,000). Of those, 165 (13%)
received an AP procedure, 262 (21%) a LT procedure and 838 (66%) an
Table 1a
Characteristics of the Australia and New Zealand Fontan Registry.

All AP LT ECC

n 1353 211 (16%) 285 (21%) 857 (63%)
Female 585 (43%) 100 (47%) 124 (44%) 361 (42%)
Age (years) 18.4 ± 10.0 34.8 ± 7.1 25.3 ± 6.1 13.3 ± 5.9
Age at Fontan (years) 5.7 ± 3.9 7.4 ± 6.0 5.2 ± 4.0 5.4 ± 3.0
Number aged N 7 years 254 (19%) 81 (38%) 49 (17%) 124 (14%)
HLHS 165 (12%) 1 (0%) 9 (3%) 145 (17%)
Takedowns 8 (1%) 2 (1%) 3 (1%) 3 (0%)
Transplants 29 (2%) 14 (7%) 4 (1%) 11 (1%)
Conversions 39 (3%) 32 (15%) 7 (2%) 0 (0%)
NYHA III or IV 53 (4%) 18 (9%) 9 (3%) 26 (3%)
Deaths 88 (7%) 46 (22%) 23 (8%) 19 (2%)

NYHA = New York Heart Association physical activity classification (III: marked limita-
tion; IV: severe limitation); AP= atrio-pulmonary; LT= lateral tunnel; ECC= extra-car-
diac conduit.
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ECC procedure. Forty (24%) of the living AP population have had a take-
down, conversion or transplant.

3.3. Base case projections using constant relative risk

The microsimulation model projects that the living population of
Fontan recipients will grow to 1917 (95% CI: 1846: 1986) by 2025 for
a population proportion of 5.8 per 100,000. This will be split between
149 (8%) AP procedures, 254 (13%) LT procedures, and 1514 (79%)
ECC procedures, with 58 (39%) of the AP recipients having had a take-
down, transplant or conversion. By 2045, the living Fontan population
is expected to reach 2986 (95% CI: 2877: 3085 for a population propor-
tion of 7.2 per 100,000. The Fontan types will be 88 AP (3%), 220 LT (7%)
and 2678 (90%) ECC procedures respectively (Fig. 3), with 52 (66%) of
the AP recipients having had a takedown, transplant or conversion.

The average age of the Fontan population increases from 18 years in
2014 to 23 years (95% CI: 22–23) by 2025, and 31 years (95% CI: 30–31)
by 2045 (Table 3).

3.4. Sensitivity analyses: projections using current trends in survival and
the Gompertz distribution for parametric modelling

In the first sensitivity test, we investigated the impact of more opti-
mistic assumptions around later-life Fontan hazards, where current
trends in survival are assumed to continue. Under this assumption, the
overall population projections increased relative to the base case, but
fell within the base case confidence intervals for the entire projection
period. In the second sensitivity test, we investigated the impact of
using a Gompertz rather than Weibull function for the parametric
curve fitting. Using the Gompertz function, the overall population pro-
jections decreased relative to the base case, but fell within the base
case confidence intervals for the entire projection period. This indicated
the population projections were robust to changes in estimating the
Fontan hazards (Fig. 4).

4. Discussion

4.1. Significance of results

Growth of the Fontan population will likely put pressures on health
systems in the future. However to date, we have failed to produce accu-
rate projections of this population because of the lack of population-
Table 1c
Characteristics of transplanted patients.

All AP LT ECC

n 29 14 4 11
Transplants/total Fontans 2% 7% 1% 1%
Female 12 (41%) 7 (50%) 1 (25%) 4 (36%)
Age at transplant (years) 19.7 ± 12.1 26.7 ± 12.5 16.5 ± 12.0 12.0 ± 5.1
Age at Fontan (years) 8.7 ± 7.3 9.5 ± 9.2 9.8 ± 8.7 7.1 ± 3.6
Number aged N 7 years 13 (45%) 6 (43%) 2 (50%) 5 (45%)
HLHS 4 (14%) 0 (0%) 0 (0%) 4 (36%)

AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac conduit.

iversity of Melbourne November 17, 2016.
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Fig. 2. Kaplan–Meier Fontan survivorship by Fontan type. Legend: AP= atrio-pulmonary;
LT = lateral tunnel; ECC = extra-cardiac conduit.

Fig. 3. Fontan population projections by Fontan type. Legend: Fontan population
projection by type: AP = atrio-pulmonary; LT = lateral tunnel; ECC = extra-cardiac
conduit.
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based data and the difficulty in producing reliable predictive models.
The Australia and New Zealand Fontan Registry provides insight into
an entire population; its 34 years survival data allows us to make
more accurate predictions because the attrition rate of this population
has remained remarkably constant for patients with each form of
Fontan. Our modelling suggests that the living Fontan population in
the region will continue to grow steadily, doubling in size by 2036,
from 1265 to 2531 and reaching 2986 by 2045. This result is driven by
projected survivorship, which shows the mortality hazard rate for a
current LT or ECC Fontan recipient to be around 4 deaths per 1000 per
year, the same all-causemortality rate as a 57 year old from the general
population [4].

Such growth will increase demand for heart failure services, in
particular heart transplantation, and add cost pressures to our
health care systems (forthcoming). We face a chronic shortage of
donor organs [14]. We have recently demonstrated that patients
with failing Fontans have unequal access to heart transplantation,
because of shortage of donor organs, the degree of complexity of
their often multi-organ disease and the lack of faith in their out-
comes after transplantation (forthcoming). The largest North-
American multi-centre study of heart transplantation after Fontan
comprised only 269 patients over 15 years [15], implying that not
all patients who experience failure of the Fontan circulation are
being offered transplantation. Our projection raises the concern
that access to heart transplantation will decrease relative to need
over the next decade, encouraging further research and investment
in novel strategies, including long-term assist devices in selected
cases [16].

The average age of the Fontan population is expected to increase
rapidly to 31 years by 2045, gaining around 5 years per decade. This
increase in age of this population will be associated with an increased
resource requirement, particularly in adult congenital and heart failure
centres.
Table 2
Multivariate Weibull regression analysis for survival.

Variable Hazard ratio 95% CI p-Value

Fontan type (reference LT/ECC)
AP 2.6 1.7–4.2 b0.001

Age at Fontan (reference = b7 years)
N7 years 1.8 1.2–2.8 0.008

Morphology (reference non-HLHS)
HLHS 1.8 0.7–4.3 0.195

Gender (reference Female)
Male 1.4 0.9–2.2 0.094

Constant 0.0028 0.0015–0.0054 b0.001
p (Weibull shape parameter) 0.92 0.76–1.11 na

Downloaded from ClinicalKey.com.au at Unive
For personal use only. No other uses without permission. C
4.2. Strengths and limitations

Fontan survivorship and associated hazard curves remain the major
source of uncertainty in this analysis especially for themore recent ver-
sion of the Fontan. We have completed sensitivity testing to evaluate
the robustness of our results, and found that strongly increasing hazards
in the fourth decade post Fontan surgery would not significantly impact
on medium term Fontan population projections. This is because of
the relatively young average age of the current Fontan population
(18 years), and our assumption that the LT/ECC survival continues to
surpass the original AP type Fontan. However, should unforeseen late-
failures occur, then wemay be overestimating the size of the 2045 pop-
ulation. Similarly, the move from AP to LT and ECC procedures over the
last 20 years has seen a significant improvement in survivorship. Should
similar breakthroughs occur over the next two decades, we may be
underestimating the size of the 2045 population. The withdrawal or
censoring of 5% of Fontan recipients in the 2014 data is another factor
which could contribute to an underestimate of the true population.

Secondly, we modelled survival as a function of Fontan type, age at
Fontan, gender and some basic morphology, but events across the life
course such as heart transplantation can also impact on survival. The
patientswhohad undergone an ECC seem to represent a significant pro-
portion of the heart transplantations despite having a shorter follow-up
time. This is likely related to the increasing complexity of the patients
operated on inmore recent times and is an example of how these trends
could be affected. However the relatively low incidence rates of heart
transplantations to date (Tables 1a, 1b and 1c) mean this is unlikely to
have significantly impacted on the longer term projection estimates.

Finally, this model assumed that the same proportion of live births
would be reaching a Fontan procedure. Dramatic changes in infant sur-
vival have not been observed in the last two decades in patients born
with single left ventricle and in the last decade the survival of those
with a single right ventricle has no longer improved dramatically [17].
One cannot however exclude societal changes. An increase in the rate
of pregnancy interruptions may result in an overestimate of the 2045
Fontan population, while a decrease may see an underestimate of the
true population.
Table 3
Projected average age of Fontan population.

Year Average age 95% CI

2014 18
2025 23 22–23
2045 31 30–31

rsity of Melbourne November 17, 2016.
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Fig. 4. Comparison of Fontan population projections under different assumptions. Legend: error bars show 95% confidence intervals for mean population from 100 probabilistic
microsimulations.
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5. Conclusion

The Australian and New Zealand population of patients alive
after a Fontan procedure will double over the next 20 years increas-
ing demand for heart failure services and cardiac transplantation.
Greater consideration for the needs of this mostly adult Fontan pop-
ulation will be necessary.
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Appendix A

Table 4a and Table 4b show the multivariate Cox regression model
and the Schoenfeld residuals test. It suggests that the proportional haz-
ard assumption is not violated.
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Table 4a
Multivariate Cox regression analysis for survival.
iv
n. 
Variable
ersity of Melbourne November 17, 2016.
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Hazard ratio
erved.
95% CI
 p-Value
ntan type (reference LT/ECC)

AP
 2.4
 1.5–3.9
 b0.001

ge at Fontan (reference = b7 years)

N7 years
 1.8
 1.2–2.8
 0.009

orphology (reference non-HLHS)

HLHS
 1.8
 0.7–4.3
 0.191

ender (reference Female)

Male
 1.5
 0.9–2.2
 0.090
Table 4b
Schoenfeld residuals test of proportion hazards.
Variable
 Rho
 Chi2
 p-Value
ntan type (reference LT/ECC)

AP
 −0.05
 0.23
 0.631

ge at Fontan (reference = b7 years)

N7 years
 0.03
 0.07
 0.794

orphology (reference non-HLHS)

HLHS
 0.08
 0.59
 0.441

ender (reference Female)

Male
 −0.08
 0.51
 0.475

lobal test
 1.45
 0.835
G
The Schoenfeld residuals test suggests that the proportional hazard assumption is not
violated.
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Abstract

Background and Objective Many guidelines for clinical

decisions are hierarchical and nonlinear. Evaluating if these

guidelines are used in practice requires methods that can

identify such structures and thresholds. Classification and

regression trees (CART) were used to analyse prescribing

patterns of Australian general practitioners (GPs) for the

primary prevention of cardiovascular disease (CVD). Our

aim was to identify if GPs use absolute risk (AR) guidelines

in favour of individual risk factors to inform their prescribing

decisions of lipid-lowering medications.

Methods We employed administrative prescribing infor-

mation that is linked to patient-level data from a clinical

assessment and patient survey (the AusHeart Study), and

assessed prescribing of lipid-lowering medications over a

12-month period for patients (n = 1903) whowere not using

such medications prior to recruitment. CART models were

developed to explain prescribing practice. Out-of-sample

performance was evaluated using receiver operating char-

acteristic (ROC) curves, and optimised via pruning.

Results We found that individual risk factors (low-den-

sity lipoprotein, diabetes, triglycerides and a history of

CVD), GP-estimated rather than Framingham AR, and

sociodemographic factors (household income, education)

were the predominant drivers of GP prescribing. However,

sociodemographic factors and some individual risk factors

(triglycerides and CVD history) only become relevant for

patients with a particular profile of other risk factors. The

ROC area under the curve was 0.63 (95 % confidence

interval [CI] 0.60–0.64).

Conclusions There is little evidence that AR guidelines

recommended by the National Heart Foundation and

National Vascular Disease Prevention Alliance, or condi-

tional individual risk eligibility guidelines from the Phar-

maceutical Benefits Scheme, are adopted in prescribing

practice. The hierarchy of conditional relationships

between risk factors and socioeconomic factors identified

by CART provides new insights into prescribing decisions.

Overall, CART is a useful addition to the analyst’s toolkit

when investigating healthcare decisions.

Key Points for Decision Makers

Classification and regression trees (CART) provide a

methodology to highlight how and why variation

between practice and guidelines occurs, not just that

an evidence-practice gap exists.

Prescribing practices for lipid-lowering medications

do not follow absolute risk guidelines or eligibility

criteria for subsidisation by the Pharmaceutical

Benefits Scheme. There are potentially significant

gains from clarifying best-practice prescribing, to

promote either greater adherence to guidelines or

increased clinical freedom.

Big data techniques such as CART are applicable to a

wide range of healthcare applications, including those

where big data are absent.
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1 Introduction

Physicians employ a range of risk assessment strategies

when making prescribing decisions for primary prevention

of cardiovascular disease (CVD), including assessment

against thresholds on individual CVD risk factors and

assessment of total or absolute risk (AR) of cardiovascular

(CV) events [1, 2].

Internationally, many clinical practice guidelines rec-

ommend calculation of AR of CV events, with lipid-low-

ering medication (typically statins or statins in combination

with another drug) recommended for patients evaluated as

high risk.1 In Australia, an AR approach is recommended

by the National Vascular Disease Prevention Alliance

(NVDPA) [5] and the National Heart Foundation (NHF)

[6]. However, the Australian Government’s universal drug

insurance scheme, the Pharmaceutical Benefits

Scheme (PBS), limits the subsidising of these medicines

using eligibility criteria based on individual risk factors

such as diabetes and cholesterol.

In practice, several studies suggest that clinicians devi-

ate from guidelines and/or eligibility criteria [7, 8], perhaps

in response to care-seeking behaviour from patients or

other aspects of patient preference [1, 2]. However, Bonner

et al. [1] noted that while CVD risk management is not

consistently based on AR, ‘‘little is known about… and the

alternative strategies employed when AR is not the focus of

assessment’’. Similarly, few studies have formally tested

whether different prescribing thresholds are being applied

in different patient groups, and many have struggled to

characterise the complexity of prescribing practice [1, 9].

The purpose of this paper was to employ classification

and regression trees (CART) to analyse the prescribing

patterns of Australian general practitioners (GPs) of lipid-

lowering medication for the primary prevention of CVD.

CART is a machine-learning ‘big data’ technique that has

been shown to be particularly valuable when analysing

nonlinear relationships and interactions, where it can out-

perform standard regression models for classification [10].

We aimed to use CART to improve our understanding of

clinical practice, potentially identifying prescribing

thresholds and patient subgroups missed by traditional

analyses, and to demonstrate how CART can be useful for

understanding complex treatment decisions in healthcare.

2 Methods

2.1 Data

We used linked survey and administrative data from the

AusHeart Study, a cluster-stratified, cross-sectional survey

of CVD risk management in primary care fully docu-

mented elsewhere [7, 11, 12]. The study enrolled GPs from

across Australia, who recruited 15–20 consecutively pre-

senting adults aged 55 years or older. It gathered infor-

mation on patient socioeconomic factors, CVD risk factors,

prescribed medications, and the GP’s own estimation of the

patient’s AR of a CV event within the next 5 years [7].

For consenting patients, these data were linked to

Medicare administrative data containing records of all

pharmaceuticals purchased under the PBS from 1 March

2008 to 1 January 2010 [12]. To avoid complications

associated with prior exposure to medication, we reduced

the dataset to 1903 patients who had not been prescribed

lipid-lowering medication prior to GP recruitment.2 We

developed models to classify these patients according to

prescription/nonprescription of any lipid-lowering medi-

cation (Anatomical Therapeutic Chemical code C10) dur-

ing a 1-year period.

2.2 Classification and Regression Trees (CART)

Methodology

CART sorts observations into increasingly homogeneous

subgroups [13]. At each step, CART splits observations

using a simple decision rule (e.g. if total cholesterol

exceeds 7.0 mmol/L, then prescribe medication) chosen to

minimise diversity (with respect to the binary outcome or

classification) in right and left ‘child nodes’. Branches and

nodes are added until a stopping criteria is met and the tree

terminates in ‘leaves’ or ‘bins’ containing proportions of

correctly and incorrectly classified observations [10].

There are three distinct strengths of CART that make it

particularly applicable to analysing complex decision-

making processes such as those employed in clinical

practice. First, the hierarchical structure of CART models

is often more intuitive than traditional regression models

because it mimics the heuristics of decision making [14,

15]. Second, CART can outperform standard regression

models when predicting outcomes in the presence of non-

linear relationships and interactions [10]. In clinical prac-

tice, treatment decisions may depend on nonlinear

thresholds with respect to one or more risk factors, and

1 For example, the American Heart Association (AHA) recommends

using a modified Framingham equation [3]. In the UK, the National

Institute for Health and Care Excellence (NICE) recommends an

absolute CVD risk algorithm known as QRISK2 [4].

2 Prior exposure to medication is not preferred as we would observe

risk factors after response to treatment.
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thresholds may vary with other risk factors. For example,

PBS guidelines allow prescribing of statins for patients

with hypercholesterolemia ([9 mmol/L) [16]. This drops to

[5.5 mmol/L if the patient has diabetes [16].3 Third,

CART affords the data greater freedom to speak for

themselves [20]. Whereas regression models are refined by

comparing across a limited number of possible specifica-

tions, CART performs an exhaustive search over all pos-

sible cut-points and predictors [10]. As a result, the precise

form of the relationship between a predictor and outcome is

not delimited by the inclusion/exclusion of higher order

terms. It is this strength that has seen CART used in a

variety of prognostic analyses to identify risk thresholds for

in-hospital mortality [21], vertebral fractures [22] and cir-

rhosis [23].

However, CART is subject to a number of limitations.

CART ‘‘… tends not to work very well if the underlying

relationship is linear’’ [10]. A second limitation of CART is

the risk of overfitting [24, 25]. Finally, CART can be prone

to instability. Small differences in the training data can lead

to very different trees [26]. We manage these limitations in

the methodology below.

2.3 Using CART to Understand Prescribing

in Cardiovascular Disease (CVD)

We used a three-stage approach to construct the CART. In

CART-1, we limited predictors to patient sociodemo-

graphics (age, sex, Aboriginal/Torres Strait Islander,

household income and education level) and GP-estimated

5-year AR of a CV event. This provided a benchmark for

which to compare performance. In CART-2, we added

individual risk factors (smoking, body mass index, systolic

and diastolic blood pressure, low- and high-density

lipoprotein cholesterol, total cholesterol, triglycerides,

kidney disease, diabetes, CVD history, weekly exercise and

self-reported health) ‘‘… to determine whether cardiovas-

cular risk factors might have an additional influence on

prescribing beyond their contribution to [GP-estimated]

cardiovascular risk’’ [27]. Finally, in CART-3 we added

AR, estimated using the 1991 Framingham risk equations.

Framingham AR forms the basis of the NHF 2004 and

NVDPA 2008 guidelines. If GPs adopt NHF or NVDPA

guidelines, we would expect the addition of Framingham

AR to improve the predictive validity of the CART, and to

see cut-off thresholds and a hierarchy similar to the

guidelines (described in ‘‘Appendix 1’’).

We implemented CART using the Matlab fitctree

function [28]. Gini’s diversity index was used as the default

splitting criterion, as suggested by Breiman et al. [24], and

we compared model performance under entropy splitting to

check model robustness. In our default models, variables

with missing data still enter the model, but training uses

only valid values. In prediction, an observation with a

missing value is assigned to the largest split group. An

alternative method for dealing with missing data in CART

is to find ‘surrogate’ variables by applying CART with the

missing data as the dependent variable [28]. We checked

model performance under these two methods to test

robustness, and used tenfold cross-validation to indirectly

evaluate out-of-sample performance.4 We bootstraped the

cross-validation 100 times to describe the distribution of

mean out-of-sample error and receiver operating charac-

teristic (ROC) area under the curve metric. We pruned the

CART to reduce overfitting and optimise out-of-sample

performance. This helps to eliminate illogical branches that

can grow from the sample data but which would not per-

form well out-of-sample (e.g. where a node suggests that

patients with a household income between AUS$52,000

and AUS$72,799 are less likely to be prescribed than those

with a household income below AUS$52,000 or above

AUS$72,799). Where there was no difference in out-of-

sample performance, we followed Breiman et al. [24] in

preferring smaller trees over larger trees.

Once optimised, the structure of the CART was evalu-

ated to identify patient subgroups and prescribing thresh-

olds. We calculated a predictor-importance metric for the

preferred model using the predictor-importance Matlab

algorithm.5 Next, we compared patient subgroups and

prescribing thresholds identified by the CART against NHF

2004, NVDPA 2008 and PBS guidelines to identify simi-

larities and differences.

Finally, we evaluated the stability of our results. The

robustness of predictor-importance and specific hierarchies

is difficult to assess because of the conditional nature of the

CART [30]. As a simple guide, we trained 100 ‘bagged’

trees6 on bootstrapped samples of the data, and counted the

number of times each predictor appeared [32, 33]. Fol-

lowing Dannegger [32], we calculated confidence intervals

(CIs) and density functions of the cut-off thresholds used at

key decision nodes to highlight stability.

3 Similar complications exist in clinical decision making in general

[17], and in observed (as well as recommended) prescribing patterns

for statins [1, 18, 19].

4 This has been shown to be an optimal method for model selection

[29].
5 This identifies all the nodes where the predictor is selected, sums

the improvement in classification from each of these and divides by

the number of tree branches [28].
6 Bagging or ‘bootstrapped aggregating’ is a method for generating

multiple versions of a tree to allow evaluation of predictor stability

[31].
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3 Results

3.1 Prescribing and Risk Factor Statistics

Table 1 provides the sample mean and standard deviation

(SD), or frequency count and percentage, for demographic

and clinical characteristics. Of the 1903 patients, 296

(16 %) were prescribed lipid-lowering medication.

3.2 Model Performance

CART-1 considers only patient demographics and the GP-

estimated 5-year AR of a CV event. It provides a perfor-

mance benchmark but is not expected to perform well

given the absence of individual risk factors or Framingham

AR. The unpruned CART-1 correctly identified 1560

(97 %) patients who were not prescribed lipid-lowering

medication, but only 115 (39 %) of those who were pre-

scribed, for an overall within-sample error rate of 12 %. As

expected, the performance of CART-1 drops when moving

out-of-sample; error increases to 20 % (95 % CI 20–21)

but with pruning this is reduced to 18 % (95 % CI 17–18).

The out-of-sample ROC metric is 0.53 (95 % CI

0.51–0.55), indicating the model is barely better than a

random guess at predicting prescribing patterns (Table 2).

CART-2 adds 13 individual risk factors to CART-1.

This improves both within- and out-of-sample perfor-

mance. Within sample, the model correctly identified 1585

(99 %) patients who were not prescribed lipid-lowering

medication, and 157 (53 %) of those who were, for an

overall error rate of 8 %. After pruning, the out-of-sample

error was 17 % (95 % CI 16–17 %) and the ROC metric

was 0.63 (95 % CI 0.60–0.64).

CART-3 adds Framingham AR to CART-2, which

should identify NHF and/or NVDPA guidelines if they are

followed. Within sample, the model correctly identified

1579 (98 %) patients who were not prescribed, and 172

(58 %) who were prescribed, for an overall error rate of

8 %. After pruning, the out-of-sample error was 17 %

(95 % CI 16–18) and the ROC metric was 0.62 (95 % CI

0.60–0.63), which is not significantly different from

CART-2. Framingham AR does not appear in the pruned

version of CART-3.

3.3 Predictors of Prescribing

Household income, GP-estimated AR, and the individual

risk factors low-density lipoprotein [LDL], diabetes, total

cholesterol, CVD history and triglycerides all influence GP

prescribing under the pruned CART-2 model. The predic-

tor-importance results suggest that LDL, GP-estimated AR

and diabetes make the most improvement to classification,

Table 1 Characteristics of the patients in the AusHeart study

Variable Total

(n = 1903)

CART model

Prescribing Dependent

variableLipid-lowering medication 296 (16 %)

Sociodemographic variables Explanatory

variables in

all models
Age (years) 66 ± 9

Female 1131 (59 %)

Aboriginal/Torres Strait Islander 16 (1 %)

Household income (annual)

Negative/nil 28 (1 %)

AUS$1–18,199 401 (21 %)

AUS$18,200–33,799 466 (24 %)

AUS$33,800–51,999 253 (13 %)

AUS$52,000–72,799 166 (9 %)

AUS$72,800–103,999 124 (7 %)

AUS$104,000 or more 101 (5 %)

Missing 364 (19 %)

Education

None/very little 527 (28 %)

School/diploma 901 (47 %)

University 435 (23 %)

Missing 40 (2 %)

Individual risk factors Explanatory

variables in

models 2

and 3

Current smoker 163 (9 %)

Body mass index (kg/m2) 28.2 ± 5.6

Missing 55 (3 %)

Systolic blood pressure (mmHg) 136 ± 17

Diastolic blood pressure (mmHg) 77 ± 10

Low-density lipoprotein cholesterol

(mmol/L)

3.22 ± 0.84

High-density lipoprotein

cholesterol (mmol/L)

1.47 ± 0.45

Total cholesterol (mmol/L) 5.36 ± 0.93

Missing 26 (1 %)

Triglycerides (mmol/L) 1.49 ± 0.82

Missing 30 (2 %)

Kidney disease 69 (4 %)

Diabetes 250 (13 %)

Missing 3 (0 %)

CVD history

None 1618 (85 %)

Stroke/TIA only 170 (9 %)

CAD only 86 (5 %)

Both stroke/TIA and CAD 29 (2 %)

Exercise per week ([30 min moderate)

None 352 (18 %)

1–2 days/week 541 (28 %)

3–4 days/week 523 (27 %)

5–7 days/week 439 (23 %)

Missing 48 (3 %)
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followed by triglycerides, income, total cholesterol and

CVD history (Table 3).

Figure 1 shows interactions between the AR assess-

ments, individual risk factors, and sociodemographic fac-

tors, and highlights the paths that lead to prescribing. On

the right-hand side of the tree, prescribing is most likely for

patients with high LDL ([4.09 mmol/L), high total

cholesterol ([6.95 mmol/L), high GP-estimated AR

([17.5 %) and relatively low household income

(\AUS$52,000). On the left-hand side of the tree, patients

without high LDL (\4.09 mmol/L) are more likely to be

prescribed if they have high triglycerides (C4.25 mmol/L

for patients with diabetes; C4.35 mmol/L for patients

without diabetes and with GP-estimated AR C2.5 %), or if

they have previously had a coronary artery event.

CART also highlights interactions where prescribing is

unlikely. Patients with high LDL, total cholesterol and GP-

estimated AR are less likely to be prescribed lipid-lowering

medication if they have relatively high household income

(CAUS$52,000). Patients with high LDL and high total

cholesterol but without high GP-estimated AR are also less

likely to be prescribed. Finally, prescribing is less likely for

patients with high LDL but without high total cholesterol.

3.4 Robustness of Results

Comparison of CART-2 performance under different

splitting criteria and approaches to missing data show no

significant differences in ROC out-of-sample performance

(Table 2). Comparison of the 100 bagged trees highlights

robustness of the specific hierarchies and decision nodes

within CART-2. LDL and diabetes appear in all 100 trees,

at the root and second node positions, and have the highest

average predictor-importance (Table 3). The LDL decision

threshold is bimodal, with a mode at 4.6 mmol/L in addi-

tion to the 4.1 mmol/L suggested in CART-2 (Fig. 2);

however, the difference between modes is less than one SD

in LDL in the sample (0.8 mmol/L). By contrast, total

cholesterol appears at the third node in only 6 of the 100

Table 1 continued

Variable Total

(n = 1903)

CART model

Self-rated health

Excellent 124 (7 %)

Very good 508 (27 %)

Good 841 (44 %)

Fair 353 (19 %)

Poor 47 (2 %)

Missing 30 (2 %)

Absolute risk assessments

GP-estimated absolute 5-year risk

(%)

14 ± 17 Explanatory

variable in

all modelsMissing 182 (10 %)

Framingham absolute 5-year risk

(%)

10 ± 7 Explanatory

variables in

model 3Missing 87 (5 %)

Patient self-reported absolute

5-year risk (%)

33 ± 23

Data are expressed as mean ± SD or frequency counts (%)

CART classification and regression trees, CVD cardiovascular disease,

GP general practitioner, SD standard deviation, TIA transient

ischemic attack, CAD coronary artery disease

Table 2 Model performance (%)

Model CART-1 CART-2 CART-3 CART-2 robustness check

Demographics All All All All

Individual risk factors None All All All

Absolute risk factors GP-estimated GP-estimated GP-estimated, Framingham GP-estimated

Pruning None Pruned None None Pruned Pruned Pruned Pruned

Splitting criterion GDI GDI GDI GDI GDI GDI Entropy GDI

Missing data Default Default Default Default Default Default Default Surrogates

Within-sample error 0.12 0.15 0.08 0.08 0.15 0.15 0.14 0.14

Sensitivity 0.97 0.99 0.99 0.99 1.00 1.00 0.99 1.00

Specificity 0.39 0.09 0.53 0.53 0.07 0.07 0.10 0.09

Out-of-sample error 0.20 0.18 0.22 0.22 0.17 0.17 0.16 0.17

95 % lower bound 0.20 0.17 0.22 0.22 0.16 0.16 0.16 0.16

95 % upper bound 0.21 0.18 0.23 0.23 0.17 0.17 0.17 0.17

Out-of-sample ROC area 0.53 0.53 0.57 0.57 0.63 0.63 0.62 0.61

95 % lower bound 0.50 0.51 0.55 0.55 0.60 0.60 0.60 0.58

95 % upper bound 0.56 0.55 0.59 0.59 0.64 0.64 0.64 0.64

CART classification and regression trees, GP general practitioner, GDI Gini’s diversity index, ROC receiver operating characteristic

Using CART to Identify Prescribing Thresholds for CVD

Author's personal copy



bagged trees. Education (those with University education

are less likely to be prescribed) appears 44 times at node 3.

Triglycerides and GP-estimated AR, which appear twice in

CART-2, appear 171 and 116 times, respectively, within

the first 10 nodes. The triglyceride decision threshold

shows the cut-off at 4.3 mmol/L, as seen in CART-2, but

also identifies another mode at 2.0 mmol/L. Household

income appears 76 times in the first 10 nodes, with the

median cut-off at AUS$52,000 as per CART-2. Exercise,

Framingham AR and self-rated health status are not present

in the pruned CART-2 model but appear in 38, 10 and 4 of

the first 10 nodes of the 100 bagged trees.

4 Discussion

4.1 Key Findings

4.1.1 Prescribing Varies Across GPs and Does Not

Appear to Follow AR Guidelines or PBS Regulations

We find that prescribing practices do not appear to be

congruent with NHF, NVDPA or PBS eligibility guide-

lines. NHF and NVDPA use Framingham AR assessment

as the basis of their guidelines, yet thresholds on Fram-

ingham AR rarely appear in the CART. The guidelines also

Table 3 Predictor results Predictor Predictor-importance Counts in bagged trees Thresholda

Pruned CART-2 Bagged trees Nodes 1–3 Nodes 4–10

LDL 1.31 1.59 100 54 4.3 mmol/L (4.1:4.6)

GP-estimated AR 1.05 0.38 0 116 30 % (2.5:80.5)

Diabetes 0.94 0.56 100 0 Yes

Triglycerides 0.47 0.33 1 171 2.4 mmol/L (0.4:4.4)

Income 0.31 0.21 3 73 AUS$52,000

Total cholesterol 0.28 0.08 6 31 5.2 mmol/L (3.6:7.0)

CVD history 0.11 0.08 0 63 Both

Education 0 0.21 44 9 University

Framingham AR 0 0.08 0 10 10.6 % (1.6:30.6)

Exercise per week 0 0.04 0 38 No exercise

Self-rated health 0 0.09 0 4 Very good

CART classification and regression trees, CVD cardiovascular disease, AR absolute risk, GP general

practitioner, LDL low-density lipoprotein
a Confidence intervals for continuous variables; median threshold for discrete variables

Fig. 1 CART-2. CART

classification and regression

trees, LDL low-density

lipoprotein (mmol/L), total

cholesterol total cholesterol

(mmol/L), GP AR general

practitioner-estimated absolute

risk (5), TRI triglycerides

(mmol/L), CVD cardiovascular

disease, CAD coronary artery

disease, TIA transient ischaemic

attack, Income household

income, Asterisk 0 indicates not

prescribed medication, 1

indicates prescribed medication
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recommend prescribing on the basis of individual risk

factors (e.g. for patients with kidney disease or diabetes).

Kidney disease does not appear in CART-2; however,

diabetes does appear but is neither necessary nor sufficient

for prescription.

Similarly, the PBS has conditional criteria based on

individual risk that govern eligibility, such as total

cholesterol [5.5 mmol/L for patients with diabetes, and

[6.5 mmol/L for patients with HDL \1 mmol/L. These

decision branches do not appear in CART-2; however, the

model suggests that prescribing is more likely for low LDL

patients with triglycerides[4.25 mmol/L (for patients with

diabetes) and [4.35 mmol/L (for patients with high GP-

estimated AR). This is somewhat consistent with the PBS,

which allows prescribing for a subset of patients with

triglycerides[4 mmol/L.

Our findings contribute to a growing body of evidence

[2, 7, 18, 27], suggesting there is considerable room for

improvement in the prescribing practices for CVD. If

guidelines provide an accurate description of optimal

treatment, divergence from guidelines is likely to be

costly, both in terms of health expenditure and patient

outcomes. For example, the prescription of drugs to

patients who fall outside the specified indications, often

referred to as leakage [34], is likely to diminish the real-

world cost effectiveness of pharmaceuticals if it results

in patients gaining a lower average benefit than was

assumed at the time of the approval for use. There may

then be dividends from interventions to improve adher-

ence to guidelines, such as IMPLEMENT, ALIGN and

IRIS [35–37]. CART would be an appropriate method to

assess such adherence. Conversely, if thresholds for

reimbursement constrain best-practice prescribing (e.g.

based on total or absolute risk of CV events or a more

thorough understanding of the patient), there may be a

case for removing thresholds for reimbursement and

allowing increased clinical freedom in prescribing.

Either way, there are potentially significant opportunity

costs to this uncertainty.

While we find discordance between practice and

guidelines, we do not identify one standard decision tree

that consistently explains prescribing behaviour across our

representative dataset. Instead, we find that prescribing

practices vary across the GP population. This is perhaps

unsurprising given the volume of guidance available [38]

and the potential for between-GP variation in uptake and

acceptance of decision-support tools and guideline rec-

ommendations [39]. We posit that the low ROC perfor-

mance of the CART models is a result of this variation. In

an environment of clearer and more widely adopted

guidelines, we would expect the ROC performance to

improve.

Fig. 2 Sample and threshold

densities for selected risk

factors. AR absolute risk, GP

general practitioner, LDL low

density lipoprotein
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4.1.2 CART Suggests How and Why GP Prescribing

Deviates From Guidelines

The CART analysis provides additional insights regarding

the roles of individual risk factors and the hierarchy of GP

decision making. LDL is the root node in all bagged trees,

suggesting it is the first risk factor used in the decision-

making process. Similarly, diabetes is consistently the

second node in the decision tree, suggesting it is an

important risk factor that GPs consider in decision making.

It is well established that lowering CV risk is associated

with the degree to which statins reduce LDL cholesterol

[40]. Similarly, statins have been widely prescribed in

people with diabetes, given their higher CV risk [41]. It

appears that evidence regarding these risk factors takes

precedence over AR and the eligibility criteria.

We also show that prescribing to high-risk patients varies

based on the patient’s household income and/or educational

attainment, with those with household income above

AUS$52,000 or with a university degree unlikely to be pre-

scribed. There has been some evidence of this internationally

[42, 43]; however, theCARTmethod uncovers the hierarchy of

these factors. Specifically, we show that income/educational

attainment are deciding factors at the bottom of the prescribing

decision tree, after clinical establishment of high risk.However,

there is likely to be confounding between these factors and

patient’s health and lifestyle. Self-rated health and exercise are

significantly collinear with household income (Pearson Chi-

squarepvaluesof0.016and0.000), andbothentered some trees

in the robustness analysis.Nonetheless, the results concordwith

theories that GPs use clinical judgement and knowledge of the

patient to make decisions based on a wide range of factors, not

just AR-based guidelines involving absolute or individual risk

factors [1].

Finally, we show that CVD history is taken into con-

sideration for otherwise low-risk patients, with those

patients with CAD more likely to be prescribed. This

concurs with previous research that highlighted inconsis-

tent CV risk perceptions across vascular territories [44].

4.2 Limitations

There are limitations to this study. First, the analysis uses

filled prescriptions, rather than written prescriptions, as the

measure of prescribing. To the extent that patients with

unfilled scripts differ in some respect from more compliant

patients, the CART may not characterise prescribing

practice across all patient groups.7 Caution should there-

fore be exercised in generalising our findings to patients

prescribed but who do not go on to fill their prescriptions.

Second, the AusHeart sample is a stratified random sample

of GPs who had previously expressed an interest in partici-

pating in the study. While this approach produced a nationally

representative sample with respect to a number of observable

GP characteristics [7], it may have selected GPs with a greater

than average interest in CVD management and the guidelines

associated with it. There are also some limitations from the

survey design; for example, we do not know the time interval

of prescribing or nonprescribing prior to the study.

Finally, the CART method has limitations. Overall

model performance is low, which could be due to variance

in prescribing practices; each GP might use a different tree

for each patient. We discuss GP variability and clustering

in ‘‘Appendix 2’’. Instability in trees uncovered by CART

can be difficult to measure and visualise.

5 Conclusions

While previous studies showed discordance between evidence

and practice, CART extends traditional analyses by high-

lighting the alternative decision trees and key factors that GPs

use in practice to make prescribing decisions. The advantages

of CART are the ability to identify hierarchies and nonlin-

earities, and to provide results that are relatively easy to

understand. These strengths are evident in this analysis, which

show hierarchical decisions with complex interactions

between individual risk factors and sociodemographic factors.

This example has shown that the CART big data tech-

nique is applicable to a wide range of healthcare topics,

including those where big data are absent. There are an

increasing range of applications in healthcare that utilise

CART’s strength in uncovering nonlinear thresholds and

hierarchies to develop guidelines for clinical decisions. It

follows that evaluating if these guidelines are used in

practice requires methods that can identify such structures

and thresholds. In these instances, CART provides a useful

addition to the analyst’s toolkit.
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Appendix 1

See Table 4.

7 For example, there is some evidence to suggest that compliance

increases with the number of risk factors [45].
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Appendix 2

After condensing the data to obtain a single observation per

patient, our CART makes no further adjustment for clus-

tering of observations by GP. On average, GPs see eight

patients within the dataset (minimum of one patient per

GP; maximum of 16). Stability across bagged trees may be

overestimated if ‘bags’ of observations are drawn from

clustered data. In supplementary analyses, we evaluated

stability of the CART in 100 samples drawn using cluster-

bootstrap methods [46]. Predictor counts and threshold

densities were much the same with the cluster bootstrap as

for the simple bootstrap on clustered data described above.

Similarly, while detailed contextual data on each GP

was not available, the data did contain a State location

variable that identifies the GP’s geographic region. In

supplementary analyses, we included this variable within

the predictor set, however it did not enter into the preferred

CART model shown in Fig. 1.
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Using CART to Identify Thresholds and
Hierarchies in the Determinants of

Funding Decisions

Chris Schilling, MSc, Duncan Mortimer, PhD, Kim Dalziel, PhD

There is much interest in understanding decision-making
processes that determine funding outcomes for health
interventions. We use classification and regression trees
(CART) to identify cost-effectiveness thresholds and hier-
archies in the determinants of funding decisions. The hier-
archical structure of CART is suited to analyzing complex
conditional and nonlinear relationships. Our analysis
uncovered hierarchies where interventions were grouped
according to their type and objective. Cost-effectiveness
thresholds varied markedly depending on which group the
intervention belonged to: lifestyle-type interventions with
a prevention objective had an incremental cost-effectiveness
threshold of $2356, suggesting that such interventions need

to be close to cost saving or dominant to be funded. For life-
style-type interventions with a treatment objective, the
threshold was much higher at $37,024. Lower down the
tree, intervention attributes such as the level of patient con-
tribution and the eligibility for government reimbursement
influenced the likelihood of funding within groups of similar
interventions. Comparison between our CART models and
previously published results demonstrated concurrence
with standard regression techniques while providing addi-
tional insights regarding the role of the funding environment
and the structure of decision-maker preferences. Key words:
cost-effectiveness; CART; funding of health care. (Med Decis
Making XXXX;XX:xx–xx)

A now significant body of literature has investi-
gated the determinants of funding decisions

using a revealed preference approach. Variously,
these studies have explored past funding decisions
by fund holders and health-technology assessment
organizations, including the Australian Pharmaceu-
tical Benefits Advisory Committee (PBAC),1,2 the
United Kingdom’s National Institute for Health and
Care Excellence (NICE),1–6 the Netherlands’ College
voor Zorgverzekeringen (CVZ),7 and across multiple
fund holders or committees.8–10 Most of these previ-
ous analyses have employed binary or multinomial
regression to estimate the marginal increase in the
probability of funding outcomes associated with var-
iation in one or other of a large number of interven-
tion, population, and process characteristics. For
example, Cerri and others5 studied decisions made
by NICE to recommend, restrict, or reject funding
of health technologies using multinomial logistic
regression, testing for a linear relationship between
the likelihood of funding restriction and interven-
tion characteristics such as the incremental cost-
effectiveness ratio (ICER), number of interventions
evaluated, and year of decision.5
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Much of this literature has been motivated by sug-
gestions that decision makers evaluate interventions
against thresholds with respect to the quality of the
evidence base,11 severity,12 life extension,13 and
incremental cost-effectiveness.14 Yet relatively few
studies have sought to identify such thresholds,1,3,4,6

and fewer still have employed methods fit for
this purpose.6 For example, Devlin and Parkin3

investigated whether NICE has a cost-effectiveness
threshold. However, the analysis, as per the afore-
mentioned analysis by Cerri and others,5 included
ICER as a continuous variable and did not test for
a nonlinearity or discontinuity in the relationship
with funding rejection/acceptance. A recent excep-
tion is Dakin and others,6 who improved on the
standard regression approaches by estimating a linear
spline model with the ICER modeled using a combi-
nation of categorical and continuous coding across
3 variables. (Splitting the distribution of the ICER
into 3 segments permits the estimated marginal
effect of the ICER to take higher or lower values
above/below prespecified thresholds [at £20,000
and £30,000]. The significance or otherwise of these
variables then provides a test of the significance of
the threshold reflected in the coding.)

It has also been suggested that decision makers
may evaluate interventions using a lexicographical
ordering of criteria (with decision makers first allo-
cating resources to interventions for rare conditions
or indications for which there is no effective alterna-
tive)15 or in some hierarchy of thresholds (e.g.,
requiring thresholds for quality of the economic eval-
uation and incremental health gain to be cleared prior
to consideration of other criteria such as cost-
effectiveness or with different thresholds applying
to types of intervention or decision).3,16–18 Again, rel-
atively few studies4,6,19 have sought to identify lexi-
cographic orderings or hierarchies of funding
criteria. Where an attempt has been made to identify
thresholds and hierarchies, the quantitative methods
employed have included ranking of ICERs by pre-
dicted probability of rejection or recommendation,3,6

ranking interventions by ICER in a league table
approach,1,4,16,20 and estimation of interactions
between the ICER and other intervention characteris-
tics.6 Typically, the application of these methods
necessitates a narrow concern with a limited number
of the potentially relevant thresholds or hierarchies.
The majority of such studies focus exclusively on
identifying a funding threshold with respect to the
ICER.1,3,4,14,16,20

The purpose of the present article is to identify
thresholds and hierarchies in the determinants of

funding decisions using classification and regression
trees (CART). The hierarchical structure of CART has
been shown to be suited to modeling complex condi-
tional relationships.21 CART automates the laborious
process of specifying and testing the very large num-
ber of potentially relevant thresholds/hierarchies and
avoids the imposition of a particular functional form
on the relationship between funding outcomes and
each predictor variable.22 By affording the data
greater freedom to speak for themselves,23 we investi-
gate if CART can provide insights into the determi-
nants of funding decisions.

METHODS

Data

We use data from Segal and others10 describing
the economic evaluation and characteristics of
pharmaceutical, medical, and allied health inter-
ventions, including funding outcomes, funding
arrangements, the target disease, target patient popu-
lation, methodological quality of the evaluation, and
estimates of cost effectiveness. (The predictor set
includes 2 variables—MBS/PBS eligible and patient
contribution—that reflect the funding arrangements
pertaining to particular types of interventions. It
should be emphasized that such arrangements are
not outcomes of the decision-making process. For
example, patient contribution refers to whether
patients are required to make an out-of-pocket contri-
bution at the point of consumption. In Australia, this
is determined by program-level reimbursement rules
rather than by the funding committee. Similarly,
MBS/PBS eligible refers to whether an intervention
is a pharmaceutical or medical service and therefore
eligible to be considered for reimbursement via the
Australian government’s Medicare Benefits Scheme
[MBS] or Pharmaceutical Benefits Schedule [PBS].)
Segal and others10 used logistic regression to estimate
the marginal effect of intervention characteristics on
the likelihood of funding rejection (compared with
full or partial funding) and, in a supplementary anal-
ysis, on the likelihood of being fully funded (com-
pared with partial funding). We conduct the CART
analogue of the primary analysis by Segal and
others10 to identify the predictors of funding rejection
(compared with full or partial funding) using the orig-
inal data set by Segal and others.10 The data set
includes observations on 245 distinct interventions
from 74 published economic evaluation studies.
Funding status, including source of funds, was
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established by checking against Australia’s pharma-
ceutical and medical benefit schedules, the National
Vaccination Schedule, or clinical guidelines from
national bodies or by contacting study authors or
experts in the field. A description of extracted and
derived variables for the final set of 245 included inter-
ventions is given in Table 1. Full details on the search,
selection, validity assessment, data extraction, and
synthesis of these data are reported elsewhere.10,24

CART Analysis

We use CART to identify predictors of funding
rejection (v. approval of full or partial funding) for
health care interventions in Australia. CART is
a ‘‘big data’’ recursive partitioning method25 that
has been widely used in classification and regression
problems.26 For classification problems, CART exam-
ines all the possible binary splits across every predic-
tor and selects the predictor for a decision node that
best categorizes the data according to some splitting
criterion. This yields a tree structure comprising
nodes that sort observations into 1 of 2 branches
that in turn lead to 2 further nodes that split again
until the tree terminates in ‘‘leaf’’ nodes containing
proportions of correctly and incorrectly classified
observations.

We consider all the explanatory variables that were
used in Segal and others10 (Table 1) to generate the
CART model for funding rejection v. approval of
full or partial funding. In step 1 of the model develop-
ment, we grow a full tree using default parameters for
the splitting criterion (default = Gini diversity index)
and minimum leaf size parameter (default = 1), which
governs the minimum number of observations in
each leaf node. In step 2 and step 3, we test if using
deviance or twoing methods for splitting, or increas-
ing the minimum leaf size, improves performance.
We use 10-fold cross-validation to approximate out-
of-sample error27 and bootstrap 1000 times to
describe the distribution of the mean out-of-sample
performance. In step 4, we optimize the CART via
pruning to minimize bootstrapped out-of-sample
error. Pruning is the process of reducing the size of
the tree by deleting leaf nodes such that intermediate
nodes higher in the tree now become leaf nodes. The
prune level is a scalar that can range from zero (indi-
cating no pruning) to some positive number that is the
largest prune level for the specific tree. Higher num-
bers indicate a higher level of pruning; selecting the
largest prune level indicates the tree is pruned to
the point that only 1 node remains. Finally, in step
5, we ‘‘hand prune’’ the previous tree to remove

inconsistent or overfitted child branches with no logical
rationale. These steps are recommended in the develop-
ment and optimization of a CART model.25,28,29

Once optimized, we evaluate the structure of the
CART to identify the existence of silos consistent
with the funding arrangements and decision-making
process in Australia, as well as plausible nonlinear-
ities in the relationship between intervention charac-
teristics and funding outcomes. We identify the set of
variables that are most important within the CART by
systematically dropping variables from the analysis,
one at a time, and comparing model performance
with respect to out-of-sample error. Predictor-
importance is also evaluated using an algorithm to
evaluate the improvement in classification attribut-
able to each predictor. (This algorithm sums the
improvement in classification from all nodes where
the predictor is selected and divides by the number
of tree branches.28) Finally, we evaluate the robust-
ness of our findings using ‘‘bagging’’ or bootstrapped
aggregating. Bagging is a method for generating mul-
tiple versions of a tree to allow the evaluation of
both node and threshold stability.30 We train 100
‘‘bagged’’ trees on bootstrapped samples of the data
and count the number of times each predictor appears.
Following Dannegger,31 we calculate the density func-
tion of the cutoff thresholds for ICER nodes to deter-
mine if the thresholds we present in our preferred
CART model are consistent across the bagged trees.
All models are computed using MATLAB R2015a soft-
ware32 using the ‘‘fitctree’’ command (online Appen-
dix 1 contains basic model code).

RESULTS

Unpruned CART Model (Step 1)

The initial unpruned CART model (step 1 in the
model development process) was generated using
all explanatory variables used in Segal and others10

but should be interpreted as a basic model, before
any improvements are considered. The performance
of the unpruned CART model is reported in Table 2.
Within sample, the model correctly identifies 84% of
interventions that were rejected for funding and 95%
of interventions that were accepted, with an overall
error rate of 9%. The receiver operating characteristic
(ROC) curve metric is 0.95. This compares favorably to
the logistic regression in Segal and others,10 which
correctly identified 61% of interventions that were
rejected and 94% of interventions that were accepted,
for an overall error rate of 17%. As expected, the
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performance of the unpruned model drops signifi-
cantly when moving outside the sample. Mean out-
of-sample error and the ROC metric after 1000 boot-
straps are 22% (95% confidence interval [CI]: 20%,
25%) and 0.77 (95% CI: 0.72, 0.81), respectively.

Improving the CART Model

In step 2, we test to see if the CART’s performance
can be improved by increasing the leaf size. We find
that the within-sample and out-of-sample errors are
lowest at the default minimum leaf size of 1 (Table
2). Increasing the leaf size to greater than 1 increases
both the within-sample and out-of-sample error. This
is unsurprising given our relatively small sample

size; CART models are often applied to data sets
with millions of observations,21 where the minimum
leaf size parameter could be increased with less loss
of information or ‘‘signal’’ from the data. We therefore
continue with the base model and the default mini-
mum leaf size of 1.

In step 3, we compare model performance using dif-
ferent optimization criteria for node splitting. ‘‘Devi-
ance’’ and ‘‘twoing’’ improve the within-sample
performance slightly but make no difference to the
out-of-sample performance (Table 2). We therefore con-
tinue with the base model and the default GDI criterion.

In step 4, we optimize pruning by selecting
the level of prune that minimizes bootstrapped
out-of-sample error. We find that the out-of-sample

Table 1 Descriptive Statistics of the 245 Interventions

Intervention Features No. (%) of Interventions (Total = 245)

Intervention details
Type Medical 177 (72)

Lifestyle 68 (28)
Objective Treatment 119 (49)

Prevention, screening, diagnosis 126 (51)
Disease stage (for intervention) Primary 78 (32)

Secondary 119 (49)
Tertiary 48 (20)

Nature of publication and study methodology
Year of publication Median (range) 2002 (1989–2005)

Quality of the economic evaluation
Q-costsa Appropriate (marginal analysis; clear) 185 (76)
Q-sensitivity analysisa Performed 239 (98)
Q-overalla Appropriate (met all above requirements) 173 (71)

Cost-effectiveness
ICER More effective but more costly 214 (87)

Median $19,017
Interquartile range $5997–$45,670

Dominatedb 11 (5)
Dominantb 20 (8)

ICER cubed (ICER^3)c Median $5910 3 1029

Interquartile range $3240 3 1027 to $1340 3 10211

Funding and implementation
Funding status Fully funded (not rejected) 87 (35)

Partially funded (not rejected) 75 (31)
Not funded (rejected) 83 (34)

MBS/PBS eligible (intervention eligible
for reimbursement via MBS or PBS)

Yes 113 (46)

Patient contribution (some patient
contribution to costs required)

Yes 178 (73)

Note: ICER, incremental cost-effectiveness ratio; MBS, Medicare Benefits Scheme; PBS, Pharmaceutical Benefits Schedule.
a. Dalziel and others25 describe coding of quality measures—briefly, Q-COSTS (measured appropriately = 1 v. not = 0), Q-SENSITIVITY (sensitivity anal-
ysis performed = 1 v. not = 0), and Q-OVERALL (adequate comparator, costs and sensitivity analysis = 1 v. not = 0).
b. Dominant and dominated interventions were included in the main analysis; coded zero in the case of dominant interventions and a very high (although
not infinite) value of $1 million in the case of dominated interventions.
c. Segal and others10 tested a range of higher order terms in an attempt to model the form of the relationship between the ICER and funding rejection. Only
the ICER and ICER cubed were retained in Segal and others’ final specification that we replicated using classification and regression trees.
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performance is best at prune levels between 0 and 3
(Table 2). A prune level 3 offers the simplest tree for
no significant decrease in out-of-sample
performance.

In step 5, we hand prune the previous tree to remove
an overall quality node where poor-quality applica-
tions are accepted and a counterintuitive ICER node
where higher ICERs are accepted rather than rejected.
We find that the hand pruning increases the within-
sample error from 9% to 16%, but the out-of-sample
performance does not change significantly (Table 2).
We therefore select the hand-pruned CART as our pre-
ferred final model specification (Figure 1).

Using CART to Improve Understanding of
Funding Rejection

Figure 1 shows the interactions between interven-
tion attributes and highlights the hierarchies of
funding decision making. For lifestyle interventions
sorted to the left side of the tree, funding rejection
is more likely with an ICER above $37,024 for inter-
ventions with a treatment objective. On the right
side of the tree, medical interventions with ICERs
above $55,653 were likely to be accepted in the period
prior to 1999 but rejected in the period after 1999.
Interventions with relatively low ICERs are more
likely to be rejected when they have a preventive
objective, entail a patient contribution, and are ineli-
gible for MBS/PBS reimbursement.

In step 6, we investigate the importance of specific
predictors. ICER, intervention type, year, patient con-
tribution, and objective make the largest contribu-
tions to within-tree classification, while excluding
any of objective, year, patient contribution, and inter-
vention type negatively affects overall model perfor-
mance (Table 3).

Robustness of the CART Results

The bagging exercise finds a high level of node sta-
bility within the preferred model. Intervention type,
selected as the first node in the preferred CART, is
selected as the first node in 100% of the bagged trees.
ICER and objective are selected at nodes 2 to 6 in 84%
of the bagged trees, although there is some alternating
of positions between the 2 variables. Year was node 7
in 79% and patient contribution node 8 in 89% of all
bagged trees.

The bagging exercise also shows consistent ICER
thresholds across the bagged trees. Figure 2 is a den-
sity plot that highlights the distribution of ICER
thresholds across the bagged trees when ICER is
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selected in the first 5 nodes of the tree. It shows discrete
thresholds at $2500 and $55,000 and an inflection
around $37,000, consistent with nodes 4, 5, and 3,

respectively, of the preferred CART model, and indicates
a nonlinear relationship between ICER and funding
rejection.

Figure 1 Funding rejection decision tree. Intermediate nodes report the node number followed by the name of the splitting variable. Final

nodes are shown as boxes underneath the node number, reporting the predicted funding outcome (reject or not reject), and the number of

interventions correctly predicted/total number of interventions at each node. ICER, incremental cost-effectiveness ratio; MBS, Medicare

Benefits Scheme; PBS, Pharmaceutical Benefits Schedule.

Table 3 Classification and Regression Tree Results for Step 6: Evaluation of Predictor Importance.

Predictors Predictor Importancea Change in Out-of-Sample Error from Exclusion of Predictora

Type 0.30 0.02 (20.01, 0.05)
Objective 0.11 0.09 (0.05, 0.13)
Disease stage (for intervention) 0.03 0.01 (20.03, 0.04)
Year of publication 0.23 0.05 (0.02, 0.08)
Q-costsb 0.02 0.00 (20.02, 0.03)
Q-sensitivity analysisb 0.00 0.01 (20.02, 0.04)
Q-overallb 0.05 0.01 (20.02, 0.05)
ICER 0.36 0.00 (20.02, 0.03)
ICER cubed 0.00 0.00 (20.02, 0.03)
MBS/PBS eligible (intervention eligible

for reimbursement via MBS or PBS)
0.03 20.01 (20.04, 0.02)

Patient contribution (some patient
contribution to costs required)

0.15 0.03 (0.00, 0.07)

Note: ICER, incremental cost-effectiveness ratio; MBS, Medicare Benefits Scheme; PBS, Pharmaceutical Benefits Schedule.
a. Predictor importance sums the improvement in classification from all predictor nodes and divides by the number of tree branches. Out-of-sample error is
the bootstrapped (1000) cross-validation error; lower and upper are the lower and upper 95th percentile limits of the change in out-of-sample error from
exclusion of the predictor. A positive change indicates a worsening in model performance.
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DISCUSSION

Key Findings

Identification of funding silos with different
ICER thresholds

This article demonstrates the use of CART to
understand factors contributing to health policy deci-
sions. The CART analysis showed a clear difference
in the ICER thresholds between interventions of dif-
ferent type and objective. Intuitively, the positions
of the ICER nodes in our preferred final model suggest
that silos exist such that an intervention is first char-
acterized by type or objective and then evaluated for
cost-effectiveness. The ICER thresholds vary signifi-
cantly within these silos. For lifestyle-type interven-
tions with a prevention objective, ICERs above $2356
are likely to be rejected, suggesting that such inter-
ventions need to be close to cost saving or dominant
to be funded. For lifestyle-type interventions with

a treatment objective, the ICER threshold is much
higher at $37,024. For medical-type interventions,
the ICER threshold is approximately $55,000,
although this is less decisive in funding decisions
(with funding rejection conditional on other criteria
further down the tree). Overall, the CART analysis
shows that the relationship between ICER and fund-
ing rejection is most certainly nonlinear and suggests
the presence of silos with different ICER thresholds.
This finding is consistent with what we see in
practice—a fragmented health sector with devolved
levels of decision making that permits large varia-
tions in what is deemed cost-effective. It suggests
there may be large efficiency gains to be made from
improving funding decisions by breaking down silos.

Identification of hierarchies

In addition to discovering different ICER thresh-
olds across different silos, the analysis also highlights
a hierarchy of intervention attributes. Intervention

Figure 2 Incremental cost-effectiveness ratio (ICER) threshold density plot shows the thresholds that are selected by the classification and

regression tree (CART) model when ICER is selected in the first 5 nodes of the decision tree, when bootstrapped aggregation (bagging) is
used to generate 100 trees. The discrete thresholds at $2500, $37,000, and $55,000 per quality-adjusted life year (QALY) indicate a nonlin-

ear relationship between ICER and funding rejection and are consistent with the thresholds found in the preferred CART model shown in

Figure 1: lifestyle interventions with a prevention objective ($2356), lifestyle interventions with a treatment objective ($37,024), and medical

interventions ($55,653).
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type is consistently selected as the first node in the
CART, followed by objective and ICER. These attrib-
utes appear to largely define which silo an interven-
tion may belong to. In addition, other attributes play
a role in differentiating interventions within silos.
In the CART model, these factors are patient contribu-
tion and MBS/PBS eligibility. When comparing
otherwise ‘‘like’’ interventions, requiring a patient
contribution or the lack of MBS/PBS eligibility
increases the likelihood of funding rejection. These
attributes act as differentiating factors within a silo,
considered after the interventions have already
been sorted by type, objective, and ICER. Segal and
others10 hypothesized in their introduction that
MBS/PBS eligibility would lower the likelihood of
funding rejection, as found here. They also posited
before their analysis that a higher patient contribution
would imply a lower budget impact and thus
a decreased likelihood of funding rejection. However,
their findings and the CART results presented here are
counter to this hypothesis, suggesting decision makers
did not look favorably on patient contributions.

Identification of thresholds in other intervention
attributes

There are 2 year nodes in the preferred CART
model, with cutoffs at 1999 and 2000, respectively.
In both cases, interventions published before the cut-
off years are less likely to be rejected. A number of
changes to funding processes occurred in Australia
either shortly before or shortly after these cutoffs
that might account for the appearance of year nodes
in the preferred CART model. In 1998, the MSAC
(Medical Services Advisory Committee) was estab-
lished to advise the Australian government on the
safety, effectiveness, and cost-effectiveness of medi-
cal services; the first decision taken by MSAC was
signed off by the responsible minister in May
1999.33 In March 2001, membership of the PBAC
changed (11 of its 12 members were new appoint-
ments), and Lloyd Sansom was appointed chair, the
first nonmedical appointment to the position in the
history of the PBAC.34

Comparison of CART and Standard Regression
Methods

Using standard logistic regression methods, Segal
and others10 found a positive relationship between
ICER and funding rejection with an odds ratio (OR)
of 1.165 (95% CI: 1.06, 1.29) suggesting that for every
$100,000 increase in ICER, an intervention’s odds of

rejection increase by 16.5%. (We revised the analysis
by Segal and others10 by dividing the ICER by
$100,000 so the odds ratio would be more intuitive.
Segal and others10 also included an ICER^3 term,
but the marginal impact of this term was negligible.)
Consistent with Segal and others,10 we also found
a relationship between ICERs and funding rejection,
but CART identifies a series of thresholds rather
than a smooth relationship (Figure 2). Such a relation-
ship could be difficult to uncover using standard
regression techniques, even when higher order terms
are considered. Similarly, findings reported by Segal
and others10 suggested the likelihood of funding
rejection increased with each subsequent year of pub-
lication (OR = 1.224; 95% CI: 1.07, 1.40), but the
CART identifies a threshold around 1999/2000, after
which funding rejection became more likely.

Segal and others10 found that the medical-type
interventions compared with lifestyle (OR = 0.153;
95% CI: 0.05, 0.51), interventions with a treatment
objective compared with prevention (OR = 0.045;
95% CI: 0.01, 0.19), and interventions without
a patient contribution compared with those with
a patient contribution (OR = 3.248; 95% CI: 0.92,
11.46) were much less likely to be rejected for fund-
ing. In the CART analysis, intervention type is consis-
tently the first node in the classification tree and last
to be pruned. Dropping intervention type worsens
both the in- and out-of-sample performance of the
CART model. However, in the CART model, interven-
tion type is used to classify interventions into subse-
quent ‘‘like’’ groups, rather than directly determining
funding rejection. There are 2 objective nodes in the
preferred CART model at node 2 and node 6. Node
2 is high in the tree and shows that objective is an
important feature used to initially classify interven-
tions, much like intervention type. Node 6 in the
CART analysis is conditionally consistent with the
logistic regression: applications with a treatment
objective are less likely to be rejected. Finally, patient
contribution is selected lower down in the tree in the
CART analysis, as a factor that differentiates ‘‘like’’
interventions. As per the logistic regression, inter-
ventions without a patient contribution are more
likely to be funded.

Limitations

A limitation of this application was the relatively
small data set. While some interesting silos were
uncovered, some CART iterations included branches
that appear illogical or unintuitive (e.g., higher qual-
ity ICERs more likely rejected). While a number of
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standard CART steps have been taken in the present
study to avoid overfitting and to remove implausible
and counterintuitive branches, implementation in
larger data sets would help with further validation.
Similarly, consultation with decision makers to
establish the face validity (or otherwise) of the
CART could guide further refinement of the CART
model via hand pruning to remove nodes or branches
that lack face validity.

More generally, it is likely that the differences in
policy-making processes over time and across juris-
dictions will affect external validity and applicability
of our findings. We completed robustness checking
by creating many ‘‘bagged’’ trees on bootstrapped
data samples. While results suggested a high level
of node and threshold stability, our findings are con-
ditional upon the data used to generate the CART,
and it is likely that a different set of nodes/thresholds
predicts funding outcomes in other jurisdictions
(e.g., NICE, CVZ). The use of CART methodology is
also open to further improvement. For example, there
is some difficulty in clearly interpreting the stability
of results from CART models, as there is presently no
standard statistical test to apply.31

CONCLUSIONS

There is much interest in understanding decision-
making processes that determine funding outcomes
for health interventions. To our knowledge, this is
the first application of CART to this area, and it has
proved useful in uncovering new findings. Our anal-
ysis uncovered hierarchies where interventions were
grouped according to their type and objective. Cost-
effectiveness thresholds varied depending on which
group the intervention belonged to. Lower down the
decision tree, intervention attributes were uncovered
that influence the likelihood of funding within ‘‘like’’
interventions. Finally, our analysis also highlighted
the impact of changes to the funding process, with
interventions assessed after the changes subject to
more stringent evaluation. However, our analysis is
limited by a small data set and a new methodological
approach and therefore should be viewed as prelimi-
nary rather than definitive. Applications to a larger
data set may provide further insights.
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