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Background. Observational economic evaluations (i.e., economic evaluations in which treatment allocation is not
randomized) are prone to confounding bias. Prior reviews published in 2013 have shown that adjusting for con-
founding is poorly done, if done at all. Although these reviews raised awareness on the issues, it is unclear if their
results improved the methodological quality of future work. We therefore aimed to investigate whether and how con-
founding was accounted for in recently published observational economic evaluations in the field of cardiology.
Methods. We performed a systematic review of PubMed, Embase, Cochrane Library, Web of Science, and PsycInfo
databases using a set of Medical Subject Headings and keywords covering topics in “observational economic evalua-
tions in health within humans” and “cardiovascular diseases.” Any study published in either English or French
between January 1, 2013, and December 31, 2017, addressing our search criteria was eligible for inclusion in our
review. Our protocol was registered with PROSPERO (CRD42018112391). Results. Forty-two (0.6%) out of 7523
unique citations met our inclusion criteria. Fewer than half of the selected studies adjusted for confounding (n = 19
[45.2%]). Of those that adjusted for confounding, propensity score matching (n = 8 [42.1%]) and other matching-
based approaches were favored (n = 8 [42.1%]). Our results also highlighted that most authors who adjusted for
confounding rarely justified their methodological choices. Conclusion. Our results indicate that adjustment for con-
founding is often ignored when conducting an observational economic evaluation. Continued knowledge translation
efforts aimed at improving researchers’ knowledge regarding confounding bias and methods aimed at addressing this
issue are required and should be supported by journal editors.
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Economic evaluations in health aim to examine the incre-
mental cost and incremental effectiveness of a health
technology over 1 or many other health technologies.
The vast majority of these are based on randomized con-
trolled trials that evaluated the clinical effectiveness of
health technologies.] However, observational studies, which
do not randomize treatment allocations, are sometimes
used to evaluate the effectiveness of health technologies.
Such studies may also serve as the basis for an economic

evaluation of the health technologies (hereby referred to as
observational economic evaluations). Although these stud-
ies may be conducted prior to the reimbursement of a given

Corresponding Author

Jason R. Guertin, Centre de recherche du CHU de Québec—Université
Laval, Axe Santé des populations et pratiques optimales en santé,
Hopital du Saint-Sacrement, 1050 chemin Sainte-Foy, local J1-09B,
Québec, G1S 4L8, Canada (jason.guertin@fmed.ulaval.ca).


us.sagepub.com/en-us/journals-permissions
https://doi.dox.org/10.1177/0272989X20937257
journals.sagepub.com/home/mdm
http://crossmark.crossref.org/dialog/?doi=10.1177%2F0272989X20937257&domain=pdf&date_stamp=2020-07-05

Guertin et al.

583

technology, they are particularly useful when reassessing
previously reimbursed technologies as the results they high-
light the true economic value of these technologies in the
real-world setting.

Among other caveats (such as selection and infor-
mation bias), observational studies are prone to con-
founding bias.>* Adequately adjusting for this bias is
fundamental when attempting to assess the true eco-
nomic values of the health technologies being evalu-
ated.>® Methods traditionally used in epidemiology
and economics to adjust for confounding bias (e.g.,
regression-based approaches, instrumental variables,
propensity score [PS] methods) may also be used within
observational economic evaluations.>’-*

Despite the number of methods that can be used to
adjust for confounding within observational economic
evaluations, concerns have been raised about the quality
of the confounding adjustment in such studies. For
example, in a review of 43 observational economic
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evaluations published between 1990 and 2010 aimed at
examining how confounding bias was adjusted for within
these studies, Rovithis* noted that only 9% of selected
studies provided detailed justification for the methods
they used. In parallel to Rovithis, Kreif et al.® also exam-
ined this question in a distinct systematic review of 81
economic evaluations based on observational data (i.e.,
selected studies included any economic evaluation that
used observational data to assess the cost component
[1%], the effectiveness component [32%], or both com-
ponents [67%]) published between 2000 and 2011.° In
their review, Kreif et al. showed that at least 80% of
selected studies did not assess the basic assumptions of
the methods they used. Although a worrisome conclu-
sion, seeing as both systematic reviews included only
studies that adjusted for confounding, their results likely
underestimated the scope of this issue. Faced with such
results and to improve future work, Kreif et al. proposed
a critical appraisal tool of statistical methods used in
observational economic evaluations, which has since
gained strong endorsement in the field.’

Although we believe that these 2 systematic reviews
will have improved the methodological quality of pub-
lished observational economic evaluations, no study has
examined their impact on the field. Therefore, the pri-
mary objective of this study was to systematically review
the methodological quality of recently published obser-
vational economic evaluations. Specifically, we asked 1)
What proportion of studies used any method to adjust
for confounding? and, when studies adjusted for con-
founding, 2) What was the quality of the confounding
adjustment?

Methods

This systematic review has been registered at PROSPERO
(CRD42018112391). Reporting of this systematic review
followed the Preferred Report Item for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines.'*!!

Inclusion and Exclusion Criteria for Selecting
Citations

A review of the literature published between January 1,
2013, and December 31, 2017, was conducted. We limited
our systematic review to published cost-effectiveness,
cost-utility, or cost-benefit analyses in the field of cardiol-
ogy through the use of the “cardiovascular diseases”
Medical Subject Headings (we refer readers to the search
strategy presented in the Supplementary Table S1 for the
breadth and depth of the coverage of the Medical Subject
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Headings). We adapted the SIGN search filter on obser-
vational studies for our 5 databases.'?

At least 2 reviewers assessed the following inclusion
and exclusion criteria when screening eligible studies.
To be included, both the cost and effectiveness com-
ponents of all treatment groups were required to be
fully based on observational data. We also included
only peer-reviewed original articles examining human
subjects and published in either the English or French
language.

Exclusion criteria included solely using observational
data to extrapolate results beyond the observation period
(e.g., a model-based economic evaluation extrapolating
short-term observed data to a lifetime model horizon
without providing the short-term results would be
excluded from this review). Other exclusion criteria
included studies that did not compare at least 2 different
interventions and studies that only stratified economic
results based on an endogenous factor (i.e., a single-arm
study in which the authors stratified the population
based on a baseline sociodemographic or clinical charac-
teristic and examined the incremental cost and effective-
ness between the 2 patient strata such as in diabetics
versus non diabetics patients).

Search Strategy

Our search strategy was designed in collaboration with
an experienced research librarian (F.B.). The final search
strategies were designed for PubMed, Embase, Cochrane
Library, Web of Science, and PsycInfo databases (the
search strategies used in the 5 databases are provided in
the Supplementary Table S1).

Study Selection

Results from the search strategies were uploaded into a
single EndNote X8 library. We used the “Find Duplicate”
command within the EndNote program to eliminate
duplicates citations identified within the 5 databases. Two
independent reviewers (B.C. and R.L.) screened all
remaining citations’ titles and abstracts to determine elig-
ibility; in case of disagreement at this stage, a third
reviewer (J.R.G.) was consulted. Full text of citations
deemed to be eligible for inclusion within the systematic
review were independently reviewed by pairs of reviewers
(J.R.G., B.C,, R.L)) for final inclusion, with each reviewer
reviewing two-thirds of eligible citations; disagreements at
this stage were settled by the third reviewer. Selected full
texts were included in the systematic review.

Data Collection

Data abstraction using a standardized form was performed
independently by 3 independent reviewers (J.R.G., B.C.,
R.L.) working in pairs. In case of discrepancy, consensus
was reached through discussion or through the involve-
ment of the third reviewer.

Data Items

We extracted data pertaining to study characteristics (year
of publication, journal type, jurisdiction of the analysis,
study design, intervention and comparator types, sample
sizes), design of the economic evaluation (format of the
economic results [e.g., benefit-cost ratio, incremental cost-
effectiveness ratio], inclusion of a cost-effectiveness accept-
ability curve and/or frontier), analysis plan (confounding
adjustment method used, method used to account for miss-
ing data, extrapolation of results beyond the observed
data), and the general conclusion of the main text regard-
ing the cost-effectiveness of the study intervention(s) versus
the comparator(s).

Analyses

We reported on the presence of confounding adjustment
methods within all studies and, when present, assessed
their quality using the Kreif et al. critical appraisal tool.’
Briefly, the critical appraisal tool contains 6 questions
and examines 3 broad categories of statistical methods
that can be used to adjust for confounding bias: 1)
instrumental variables, 2) regression-based methods, and
3) matching-based methods. Of note, these categories
were defined by the authors in their publication, and
some groupings may lead to confusion for certain
readers, for example, inclusion of the “difference-in-
difference method” in the “regression-based methods” or
the “inverse probability of treatment weighting (IPTW)
based on the PS” and “regression on the PS” (i.e., using
the estimated PS as a covariate in a regression model) in
the “matching-based methods.” In our review, we chose
to differentiate the difference-in-difference approach
from other regression methods and differentiated the
IPTW based on the PS from other PS matching meth-
ods but still evaluated the quality of confounding
adjustment using the recommended questions. In addi-
tion, and unlike the recommendation in the critical
appraisal tool, in studies in which multiple confound-
ing adjustment methods were used, all were assessed
independently.
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We also examined the quality of the reporting in the
selected studies of the items suggested by the Consolidated
Health Economic Evaluation Reporting Standards
(CHEERS) statement.'* Although the CHEERS statement
identifies 24 items, those that were deemed irrelevant to
single study-based observational economic evaluations
(i.e., items 11b, 13b, 15, 16, 18, and 20b) were ignored; the
presence or absence of the remaining 21 items was indivi-
dually assessed within each selected study. All results were
presented using descriptive statistics.

The various public funding agencies supporting this
project or the authors had no role in the study.

Results

Our search strategy identified a total of 7523 unique cita-
tions in cardiology that were manually screened by at
least 2 reviewers. After screening the titles and abstracts,
6970 citations (92.6%) were excluded, and the remaining
full texts were screened by reviewers for final inclusion.
Following this step, 42 unique citations were deemed eli-
gible for inclusion in our review.'*>> As shown in Figure
1 detailing the screening process, most of the full texts
screened (n = 324 [63.4%]) were excluded because they
were not a full economic evaluation.

Study Characteristics and Methodological
Designs

Summary statistics of the identified observational eco-
nomic evaluations are shown in Table 1 (study-specific
characteristics are provided in the Supplementary Table
S2). Briefly, of the 42 identified studies in the field of cardi-
ology, 16.7% were published in 2013, 40% were published
in 2014-15 and 43% in 2016-17. Most studies were con-
ducted in a European (40%) or North American (21%)
jurisdiction. Approximately two-thirds of the studies were
based on claims (31%) or charts review (33%), while the
remaining were based on nonrandomized trial data (19%)
or registries (17%). Consequently, most studies used a his-
torical cohort (also commonly referred to as retrospective)
study design (e.g., 60%). Of note, although most studies
compared 2 interventions of the same type (e.g., a pharma-
ceutical agent being compared with a different pharmaceu-
tical agent), six (14%) of the 42 selected studies compared
2 different types of interventions (e.g., a patient manage-
ment strategy to a medical device). Most results were pre-
sented as incremental cost-effectiveness ratios (86%).

Choice and Quality of the Confounding
Adjustment Method Used

Table 2 summarizes the results of our assessment based
on the Kreif et al.® critical appraisal tool of the choice
and quality of the confounding adjustment methods used
by the authors of the 42 selected studies (study-specific
results are provided in Supplementary Table S3). Fewer
than half of the studies (45%) reported adjusting for con-
founding. Among those that did report adjusting for con-
founding, most studies (84%) reported using a matching-
based method. Of the 16 studies that used a matching-
based method to adjust for confounding, most used
either PS matching (50%) or covariate-based matching
(44%), while a single study (6%) did not define what
matching method was used. In addition, our results also
highlight that studies that adjusted for confounding with
the use of a matching-based method used it as the sole
confounding adjustment method (69%) or in combina-
tion with a second method (31%). Remaining studies
used either regression-based methods (26%), differences-
in-differences (5%), IPTW based on the PS (5%), or a
self-controlled study design (5%), and no study used an
instrumental variable.

Few studies justified their methodological choices.
Only 1 study (5%) assessed the “no unobserved con-
founding” assumption (question la of the critical apprai-
sal tool). Such an observation does not stipulate that
unobserved confounding is present but rather that
authors generally did not report on the potential pres-
ence of unobserved confounding nor its potential impact
on the results.

Similarly, no study assessed whether the distributions
of the baseline covariates overlapped between the treat-
ment groups (question 2 of the critical appraisal tool).
Given that lack of overlap in the treatment groups’ base-
line covariates can lead to biased results, we were unable
to state if selected studies complied with this assumption
or if additional steps should have been taken by the
authors to ensure that baseline covariates within the ana-
lyzed study groups did overlap (e.g., restrict the analysis
to a subset of the study population).>®

Of the 5 studies (26%) that used regression-based
methods and the 1 study (5%) that used the difference-
in-difference approach, most did not assess the specifica-
tion of the regression model for the health outcome
(83%) nor for the costs (67%). For example, studies did
not assess the relative fit of alternative models when
reporting their results.
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Pubmed Embase Cochrane Library Web of Science
N=2,671 N =2,397 N=2,218 N=1,413

Psyclnfo
N=72

Total number of citations
N = 8,771

Total number of unique citations
N =7,523

N = 1,248 duplicate citations identified by the EndNote X8 program were removed

Number of citations selected after
screening of the titles and abstracts
N =553

N = 6,970 citations were excluded after screening the
title and abstracts

Number of citations selected for review (N = 42)

. Not fully based on non-randomized observational data (N = 1,488)
. Not a full economic evaluation (N = 4,826)
. No study comparator (N = 50)
. Not a research article (e.g., editorial, systematic reviews) (N = 580)
. Duplicate entry (N = 21)
. Other reasons (N = 5)
. The treatment examined is not an exogenous factor (e.g., stratified by innate
characteristic) (N = 3)
. Language of the study was not in English or French (N = 1)
. Study did not examine human subjects (N = 1)
N=511 citations were excluded after screening the full texts
. Not fully based on non-randomized observational data (N = 134)
. Not a full economic evaluation (N = 324)
. No study comparator (N = 11)
. Not a research article (e.g., editorial, systematic reviews) (N = 11)
. Duplicate entries (N = 3)
. Other reasons (N = 28)

. The treatment examined is not an exogenous factor (e.g., stratified by innate
characteristic) (N=5)

. Language of the study was not in English or French (N =22)

. Assigned patients to all study comparators (N = 1)

Figure 1 Flowchart of the citation selection process.

For the 16 studies that used matching-based methods,
most studies (63%) only partially assessed covariate bal-
ance after applying the matching method (e.g., with the
use of standardized differences) while the others (38%)
did not. We were therefore unable to assess if residual
confounding remains despite the matching procedures
that were conducted.

Quality of the Item Reporting as Assessed with
the CHEERS Statement

The proportion of studies reporting each of the items
identified within the CHEERS statement is provided in
Table 3 (Supplementary Table S4 provides the study-
specific results). Although none of the studies acknowl-
edged the CHEERS statement, selected studies reported
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Table 1 Basic Characteristics of the Selected Studies Table 1 (continued)

Year of publication 501 or more 7 (16.6)
2013 7 (16.7) Not reported 2 (4.8)
2014 11(26.2)  Sample size of the comparator®?

2015 6 (14.3) 25 or less 4(9.5)
2016 4(9.5) 26 to 50 8 (19)
2017 14 (33.3) 51 to 100 10 (23.8)

Journal type 101 to 500 10 (23.8)
Health economics 4(9.5) 501 or more 11 (26.2)
Statistics 0 (0.0) Not reported 124
Medical 36 (85.7) Format of the economic result®
Other 2 (4.8) ICER 36 (85.7)

Jurisdiction of the study?® Benefit-cost ratio 5(11.9)
China 4 (9.5) NMB 1(2.4)
India 3(7.1) Provided results using a cost-effectiveness acceptability curve
Spain 4(9.5) Yes 6 (14.3)
United Kingdom 5(11.9) No 36 (85.7)
United States of America 9(21.4) Provided results using a cost-effectiveness acceptability
Undefined 2 (4.8) frontier
Other 15 (35.7) Yes 0 (0.0)

Data source No 42 (100.0)
Claims based 13 (30.9) Authors extrapolated the cost, the effectiveness, or both
Nonrandomized trial based 8 (19.0) beyond the observed period
Chart review based 14 (33.3) Yes 3(7.1)
Registry based 7 (16.7) No 39 (92.6)

Study design General conclusion of the main text regarding the economic
Concurrent cohort 15 (35.7) evaluation comparing the comparator to the standard of
Pre-post design 124 care
Historical cohort 25 (59.5) Cost-effective 23 (54.8)
Other 1(24) Borderline cost-effective 0 (0.0)

Authors reported on the presence or absence of missing data Not cost-effective 1(2.4)
Yes 8 (19.0) Dominant/dominated 7 (16.7)
No 34 (80.9) Undefined 11 (26.2)

Method used to account for missing data (n = 8 who reported
on the presence or absence of missing data)

No missing data 1(12.5)
Complete case analysis 3 (37.5)
Simple imputation 1(12.5)
Multiple imputation 1 (12.5)
Did not report how they accounted for the 2 (25.0)
missing data in their analysis
Interventions being compared
Standard of care
Medical device 7 (16.7)
Pharmaceutical agent 9(21.4)
Prevention and screening 3(7.1)
Patient management 18 (42.8)
Other 5(11.9)
Comparator®
Medical device 10 (23.8)
Pharmaceutical agent 11 (26.2)
Prevention and screening 3(7.1)
Patient management 13 (30.9)
Other 5(11.9)
Sample size of the standard of care®
25 or less 5(11.9)
26 to 50 7 (16.6)
51 to 100 12 (28.6)
101 to 500 9(21.4)
(continued)

Results are presented as n (%). ICER = incremental cost-effectiveness
ratio, NMB = net monetary benefit.

#Only countries listed as the jurisdiction of at least 3 studies are listed
in this table.

®Some studies included >1 comparator, but all of these were of the
same type and were therefore collapsed together in this table.

‘n = 7 studies stratified their population into multiple subpopulations;
categorization for these studies was based on the smallest strata.

45 = 5 studies included multiple comparators; categorization for these
studies was based on the smallest sample size for the comparator
group.

°Sum exceeds 100% as 1 study provided results as both incremental
cost-effectiveness ratio and net monetary benefits.

an average of 14 of the 21 items identified in the checklist
(range: 6-19).

Discussion

To the best of our knowledge, and unlike previous
reviews that selected studies based on known confound-
ing adjustment methods,®* this is the first systematic
review to examine how confounding adjustment was
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Table 2 Quality of the Adjustment for Confounding Bias as Based on the Kreif et al.? Critical Appraisal Tool

QOa. Did the authors consider adjusting for confounding?
Yes 19 (45.2)
No 23 (54.8)
Only among those that adjusted for confounding (n = 19)
What confounding adjustment method was used?*-®

Difference-in-difference 1(5.3)
Instrumental variable 0(0.0)
Inverse probability of treatment weighting based on the propensity score 1(5.3)
Matching 16 (84.2)
Regression 5(26.3)
Self-controlled design 1(5.3)
What type of matching method was used, if any (n = 16)?
Covariate based 7 (43.8)
Propensity score 8 (50.0)
Undefined 1(6.3)
Qla. Did the study assess the “no unobserved confounding” assumption?®
Yes 1(5.3)
Partially 0(0.0)
No 18 (94.7)
Q2. Did the study assess whether the distributions of the baseline covariates overlapped between the treatment groups?®
Yes 0(0.0)
Partially 0(0.0)
No 19 (100.0)

Q3. Did the study assess the specification of the regression model for (n = 6)?°¢
1) Health outcome

Yes 1(16.7)

Partially 0 (0.0)

No 5(83.3)
2) Costs

Yes 0 (0.0)

Partially 2 (33.3)

No 4 (66.7)
Q4. Was covariate balance assessed after applying a matching method (n = 16)?°°

Yes 0(0.0)

Partially 10 (62.5)

No 6 (37.5)

Q5: Did the study consider structural uncertainty arising from the choice or specification of the statistical method for addressing
selection bias?®

Yes 1(5.3)
Partially 1(5.3)
No 17 (89.5)

Results are presented as n (%).

“The critical appraisal tool has a distinct question regarding the validity of the instrumental variable, when used. However, because none of the
selected study adjusted for confounding using an instrumental variable, this question was dropped from the table.

1 = 5 studies used 2 confounding adjustment methods.

°A detailed description of each question in their critical appraisal tool and of the associated answer keys are provided elsewhere.’

9In accordance with the recommendations by Kreif et al.,* the quality of the difference-in-difference adjustment was assessed within question 3.
°One study matched patients on their propensity score using matching weights derived from the inverse probability of treatment. We combined
the assessment of the methods for this study.

In cases in which studies used more than 1 confounding adjustment method, Kreif et al.> would consider these alternative methods as ways to
assess the structural uncertainty of the chosen statistical method. Since in the 5 studies that used 2 methods we assessed each individually, we did
not include these alternative methods as ways to assess the structural uncertainty of the primary methods.

conducted within observational economic evaluations Our review of these studies identified that more than half
without this selection criterion. By doing so, we identi- did not attempt to adjust for confounding. Such results
fied 42 observational economic evaluations published are surprising since the importance of correctly adjusting
between 2013 and 2017 in the field of cardiology.'*>° for confounding has been the focus of much work in
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Table 3 Quality of the Reporting of Items Identified within the CHEERS Statement
Number of
Publications
Item Reporting
Section/Item™" Number Recommendation the Item (%)
Title and abstract
Title 1 Identify the study as an economic evaluation, or use more 12 (28.6)
specific terms such as “cost-effectiveness analysis” and
describe the interventions compared
Abstract 2 Provide a structured summary of objectives, perspective, 27 (64.3)
setting, methods (including study design and inputs), results
(including base-case and uncertainty analyses), and
conclusions
Introduction
Background and objectives 3 Provide an explicit statement of the broader context for the 42 (100.0)
study; present the study question and its relevance for
health policy or practice decisions
Methods
Target population and 4 Describe characteristics of the base-case population and 41 (97.6)
subgroups subgroups analyzed including why they were chosen
Setting and location 5 State relevant aspects of the system(s) in which the decision(s) 39 (92.9)
need(s) to be made
Study perspective 6 Describe the perspective of the study and relate this to the 20 (47.6)
costs being evaluated
Comparators 7 Describe the interventions or strategies being compared and 37 (88.1)
state why they were chosen
Time horizon 8 State the time horizon(s) over which costs and consequences 21 (50.0)
are being evaluated and say why appropriate
Discount rate 9 Report the choice of discount rate(s) used for costs and 8 (19.0)
outcomes and say why appropriate
Choice of health outcomes 10 Describe what outcomes were used as the measure(s) of 36 (85.7)
benefit in the evaluation and their relevance for the type of
analysis performed
Measurement of 11a Single study-based estimates: describe fully the methods used 35(83.3)
effectiveness for identification of included studies and synthesis of clinical
effectiveness data
Measurement of preference- 12 If applicable, describe the population and methods used to 14 (70.0)°
based outcomes elicit preferences for outcomes
Estimating resources and 13a Single study-based economic evaluation: Describe approaches 35(83.3)
costs used to estimate resource use associated with the alternative
interventions. Describe primary or secondary research
methods for valuing each resource item in terms of its unit
cost. Describe any adjustment made to approximate to
opportunity costs.
Currency, price date, and 14 Report the dates of the estimated resource quantities and unit 16 (38.1)
conversion costs; describe methods for adjusting estimated unit costs to
the year of reported costs if necessary; describe methods for
converting costs into a common currency base and the
exchange rate
Analytic methods 17 Describe all analytic methods supporting the evaluation—this 35(83.3)
could include methods for dealing with skewed, missing, or
censored data; extrapolation methods; methods for pooling
data; approaches to validate or make adjustments (e.g.,
half-cycle corrections to a model); and methods for
handling population heterogeneity and uncertainty
Results
Incremental costs and 19 For each intervention, report mean values for the main 39 (92.9)
outcomes categories of estimated costs and outcomes of interest, as

well as mean differences between the comparator groups; if
applicable, report incremental cost-effectiveness ratios

(continued)
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Table 3 (continued)

Number of
Publications
Item Reporting
Section/Item“’b Number Recommendation the Item (%)
Characterizing uncertainty 20a Single study-based economic evaluation: describe the effects 19 (45.2)
of sampling uncertainty for estimated incremental cost,
incremental effectiveness, and incremental cost-effectiveness,
together with the impact of methodological assumptions
(such as discount rate, study perspective)
Characterizing heterogeneity 21 If applicable, report differences in costs, outcomes, or cost- 12 (28.6)
effectiveness that can be explained by variations between
subgroups of patients with different baseline characteristics
or other observed variability in effects that are not reducible
by more information
Discussion
Study findings, limitations, 22 Summarize key study findings and describe how they support 36 (85.7)
generalizability, and the conclusions reached; discuss limitations and the
current knowledge generalizability of the findings and how the findings fit with
current knowledge
Other
Source of funding 23 Describe how the study was funded and the role of the funder 27 (64.3)
in the identification, design, conduct, and reporting of the
analysis; describe other nonmonetary sources of support
Conflicts of interest 24 Describe any potential for conflict of interest among study 38 (90.5)

contributors in accordance with journal policy; in the
absence of a journal policy, we recommend authors comply
with International Committee of Medical Journal Editors’
recommendations

A detailed description of all of the items included in the CHEERS statement can be found elsewhere.>’
®Items 15, 16, and 18 of the CHEERS checklist were ignored as they pertained to items considered irrelevant to the types of studies examined

within the review.

“This item was not applicable in 22 of the 42 selected publications (52.3%). The relative value was calculated from the 20 remaining publications

where this item was relevant.

epidemiology, economics, and health economics. However,
regardless of the reason why confounding factors were not
adjusted for in these studies, we can easily state that their
unadjusted results are biased. Unfortunately, since con-
founding can bias both the economic component and the
effectiveness component of the economic evaluation,™* we
were unable to evaluate if the conclusions of these studies
would differ had they adjusted for confounding.
Quantitatively, even though we restricted our review
to observational economic evaluations in the field of car-
diology, many of our results regarding the studies that
did adjust for confounding are aligned with those found
in past systematic reviews on the subject that did not
impose such a restriction. Like others,>* we show that
authors who adjusted for confounding favored regression
and matching-based methods (Table 2). However, unlike
Kreif et al.,> who found that authors favored regression-
based methods (51%), including the difference-in-
difference method, over covariate matching (25%) and

all PS methods (22%), we showed that PS methods
(42%) and covariate matching (37%) were favored over
regression-based methods (26%) and the difference-in-
difference method (5%). Our results are therefore more
aligned with those obtained by Rovithis* that showed
that PS methods (49%) and regression-based methods
(28%) were favored over others. Of note, although no
document has identified whether PS methods are super-
ior to other commonly available methods when adjusting
for confounding in observational economic evaluation,
this result probably reflects the increased uptake of PS
methodology in other fields*®>® and the relative ease with
which PS methods may be used in these types of studies.®

Despite these similarities with regard to the choice of
confounding methods being used by authors, our results
suggest that the quality of the confounding adjustment in
recently published studies in cardiology tends to be worse
than in those selected by Kreif et al.’ within their review
(Table 2). For example, none of our selected studies
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assessed the “no unobserved confounding” assumption
(i.e., Qla in the Kreif et al. critical appraisal tool),
whereas 23% studies at least partially assessed this
assumption in their review. Although it is unclear why
the quality of confounding adjustment would be poorer
in the studies we selected, one explanation could reside in
the fact that Kreif et al. selected studies using a broader
selection criterion (i.e., identified economic evaluations
were eligible as long as at least 1 component of the eco-
nomic evaluation was based on observational data).
Unfortunately, results limited to the subset of studies in
which both the cost and the effectiveness components
were based on observational data are not available.

In a broader context, our review raises 2 important
issues regarding the value of and the choice of methods
used to adjust for confounding in observational eco-
nomic evaluations. First, as we previously noted, we
were unable to predict the impact of confounders in the
studies that only provided unadjusted results nor if
adjusted results would lead to different conclusions
regarding the value of the study interventions. One par-
ticular solution that is commonly used in epidemiology
is to examine the theoretical impact that an unadjusted
confounder could have on the observed association.®® To
the best of our knowledge, this approach has never been
extended to the context of observational economic eva-
luations. Continued work focusing on this area of
research is warranted. Second, despite the value of hav-
ing a short and quick critical appraisal tool containing
only 6 questions to asses the quality of confounding
adjustment, our review hints to the limits of assessing the
validity of the confounding adjustment using such a lim-
ited number of questions, especially considering the
ongoing developments in this area. We recognize that all
of the methods used within the selected studies were orig-
inally considered by Kreif et al.> However, many new
confounding adjustment methods have been developed
in recent years, for example, semiautomated techniques
(e.g., high-dimensional PS methods®'), G methods,**%?
or double robust methods that can naturally be com-
bined with machine-learning methods (e.g., the use of
Super Learner within targeted maximum likelihood esti-
mation®*%%). We refer interested readers to various meth-
odological papers and primers describing the strengths
and limits of some of these methods in the context of
adjustment for confounding.”***7"  Future work
aimed at revising previous tools to better integrate these
novel methods and comparing these various methods to
each other in the context of observational economic eva-
luations is also needed.

In light of these issues, we make the following 2 rec-
ommendations to be considered in future good practice
guidelines. First, we suggest that authors report both the
unadjusted and adjusted results of their observational
economic evaluations, as the difference between the 2
results may hint to the potential impact of confounding
in the examined setting. Second, we advise researchers to
further disclose and justify the confounding adjustment
method they use when conducting an observational eco-
nomic evaluation. We believe that such a recommenda-
tion could be facilitated by the inclusion of additional
confounding adjustment-related items in a revised ver-
sion of the CHEERS statement or in a novel reporting
guideline specific to observational economic evaluations;
these items could be inspired by those present in the
STrenghtening the Reporting of Observational studies in
Epidemiology (STROBE) statement.”>’®> We recognize
that our results show that many items in the CHEERS
statement were not reported within our selected studies
(Table 3) and that only 2 were published in journals that
previously endorsed this reporting guideline (i.e., Value
in Health and the Journal of Medical Economics). That
being said, previous work by others have shown that
reporting of at least certain items included in reporting
guidelines improved following their publication.”* 7
Although we believe that adding a critical appraisal tool,
like the one proposed by Kreif et al.,® could improve the
reporting as well as the quality of the confounding
adjustment, revisions to these tools are required (e.g.,
adding items specific to novel methods) before formally
recommending their adoption by journals.

Our study has several strengths and limitations. The
primary strength of our review of observational eco-
nomic evaluations in cardiology resides in the fact that,
unlike others,** we did not restrict our review to only
published economic evaluations that stated having
adjusted for confounding bias. By doing so, we were able
to identify that more than half (54.8%) of identified
observational economic evaluations in cardiology did not
adjust for confounding bias. That being said, to do so,
we created a search strategy that favored sensitivity over
specificity. To compensate for the high sensitivity and
low specificity of this search strategy, we chose to limit
our review to manuscripts published between 2013 and
2017 and did not examine other clinical areas to maintain
its feasibility. Although we cannot exclude the risk that
our results do not reflect the broader current state of the
field, the clinical areca we chose to examine remains one
of the most important in terms of volume in PubMed. As
such, we believe our results likely also reflect the current
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state of the literature in terms of confounding adjustment
within observational economic evaluations in other clini-
cal areas. Another noticeable strength of our work com-
pared with previous reviews™* is the fact that the article
screening and selection as well as the data extraction were
always conducted by at least 2 independent members of
our team. In terms of limitations, our assessment of the
quality of the confounding adjustment was limited by the
quality of the reporting within the study. As such, we
cannot exclude the fact that authors who did control for
confounding did account for the underlying assumptions
associated with these methods but did not report them.
However, this limit should not undermine our result
regarding the high proportion of studies that were limited
to unadjusted results. An additional limitation of our
work concerns the fact that we only examined a fraction
of the types of economic evaluations based on observa-
tional data, that is, only those in which both the cost and
effectiveness components were based solely on observa-
tional data. There are, however, numerous other types of
economic evaluations based on observational data,
including those that use observational data only for 1 of
the 2 components of the economic evaluation and model-
based economic evaluations extrapolating observational
data. Although we are unable to state whether our results
regarding the quality of the confounding adjustment
extends to these alternative types of studies, our conclu-
sions regarding the importance of adjusting for con-
founding remain valid. Future work is also needed to
better examine the limits of using observational data in
these other types of studies.

In conclusion, our results highlight the fact that more
than half of observational economic evaluations in cardi-
ology, published between 2013 and 2017, did not adjust
for potential confounders and that, in those that did, the
methodological choices were rarely justified by the
authors. Despite previous knowledge translation efforts,
additional knowledge translation efforts are warranted.
One potential solution could reside in including con-
founding adjustment-related items in the upcoming revi-
sion of the CHEERS statement’’ and/or producing an
extension of the CHEERS statement specific to observa-
tional economic evaluations that would state the impor-
tance of reporting on the method chosen to address
confounding bias in studies and on the risk for residual
confounding.
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