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Objective: To review the methodology employed in surgical mortality
studies to control for potential confounders.
Summary Background Data: Nationwide hospital data are increasingly
used to investigate surgical outcomes. However, poor data granularity and
coding inaccuracies may lead to flawed findings.
Methods: We conducted a systematic review in accordance with the
PRISMA statement in 6 major journals (NEJM, Lancet, BMJ, JAMA, Medical
Care, Annals of Surgery) using PubMed from its inception until December 31,
2014. Two reviewers independently reviewed citations. Using a predesigned
data collection form, we extracted information about study aim and design,
data source, selected population, outcome definition, patient and hospital
adjustment, statistics, and sensitivity analyses. The methodological quality of
studies was assessed based on 5 criteria and explored over time.
Results: Among 89 included studies from 1987 to 2014, 54 explored surgical
mortality determinants, 13 compared surgical procedure effectiveness, 13
evaluated the impact of healthcare policy, and 9 described outcome trends for
specific procedures. A total of 89% (n ¼ 79) of studies did not describe
population selection criteria at patient and hospital level, 64% (n ¼ 57) did
not consider secular trends, 52% (n ¼ 46) neglected hospital clustering or
characteristics, 21% (n ¼ 19) did not perform sensitivity analyses, and 4% did
not adjust outcomes for patient risk (n ¼ 4). The percentage of studies
satisfying at least 3 of these criteria increased significantly from 44% before
1999 to 52% between 2000 and 2009 and 78% after 2010 (P ¼ 0.008).
Conclusions: Although methodological quality of studies has improved over
time, confounder control could be improved through better study design,
homogeneous population selection, the consideration of hospital factors and
secular trends influencing surgical mortality, and the systematic performance
of sensitivity analyses.
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ationwide hospital databases are frequently used to explore
time trends in surgical outcomes, identify factors associated
with better care, compare procedural effectiveness, or measure the
impact of health policies.1 These large datasets are readily available
in most industrialized countries, allowing population-based investigations of routine surgical practice at low cost. However, there are
several precautions to adopt when using these data for research.
Hospital administrative data is typically generated for billing purposes. As a consequence, studies based on this data may be flawed by
the lack of accuracy and high variability in data collection depending
on coder motivation.2 –4 Furthermore, insufficient data granularity or
unrecorded variables may limit outcome adjustment for specific
confounders.5
Surgical mortality has been widely utilized to depict quality of
care in hospitals because it is a critical outcome for patients and a
reliably accurate metric in administrative databases.6 However,
several factors may influence mortality independent of surgical care
delivery, which may limit a fair interpretation of its variations. When
comparing surgical mortality between predefined groups, systematic
differences can exist in the absence of randomization.5 Risk of death
can be heavily influenced by the interplay of characteristics specific
to patient, procedure, surgeon, operating room team, and hospital.7
Furthermore, patients treated and care provided within a particular
hospital tend to be more similar than those in another hospital, with
the result being that observed outcomes for different individuals
cannot be regarded as independent due to clustering effect.8 Finally,
the confluence of many improvements in surgical practice with
coding variation across hospitals can also influence surgical
mortality over time under a secular trend.9 Ideally, all these factors
should be considered in analyses. However, many confounders are
missing or poorly described in administrative databases, which may
be partly resolved in research investigations through appropriate
study design and control group choice.1
We conducted a methodological evaluation of studies investigating surgical mortality through assessment of administrative
databases. Specifically, we aimed to describe study design, mortality
definitions, population selection strategies, statistical modeling, and
sensitivity analyses employed to control for potential confounders.

METHODS
Data Sources and Search Strategy
The systematic review was conducted in compliance with
PRISMA guidelines.10 A comprehensive search was undertaken
using PubMed from its inception through December 31, 2014.
The search strategy was devised with the assistance of a research
librarian. The search included 3 domains of MeSH terms and keywords combined using ‘‘AND,’’ whereas each domain was created
using ‘‘OR.’’ The first domain contained terms related to surgery and
surgical procedures, the second contained terms related to mortality,
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Records identified through
database searching: 258

Excluded: 4
Review: 2
Letter, note or editorial: 2
Excluded: 136
Non-administrative data: 84
Non-mortality outcome: 37
Non-surgical: 38
Review: 1

Abstracts assessed
for eligibility: 254

Full-text articles assessed
for eligibility: 118

Excluded: 29
Non-administrative data: 8
Non-mortality outcome: 5
Non-surgical: 1
Focus on validity of data: 15

Full-text articles included in
qualitative analysis: 89

and the third contained terms related to administrative databases
(Appendix S1, http://links.lww.com/SLA/B162).
We focused our search strategy on the 4 generalist journals
presenting the highest number of articles published in our theme
(New England Journal of Medicine, Lancet, Journal of the American
Medical Association, and British Medical Journal) within the
category ‘‘Medicine, General and Internal’’ of the Web of Science
Journal Citation Report (JCR). Based on the same rule, we also
selected 2 specialist journals, 1 journal of the JCR category
‘‘Surgery’’ (Annals of Surgery), and 1 journal of the JCR ‘‘Health
Care Sciences & Services’’ (Medical Care).

Study Selection
Two investigators (CP and AD) reviewed the titles and abstracts
of all studies resulting from the database search. Nonoriginal articles
(eg, letters, reviews, and editorials), studies not evaluating surgical
mortality as well as studies using nonadministrative database were
excluded. To ensure that all potentially relevant studies were considered for inclusion, every study with uncertain eligibility at title and
abstract review was retained for further examination, especially when
this initial review did not allow us to categorize paper as an original
article based on surgical mortality from administrative data. Full-text
documents were obtained for selected articles and 2 investigators (CP
and AD) independently examined all studies to decide final inclusion
in this review. Any disagreements were resolved by consensus.

Data Extraction
Data were extracted from the selected articles using a predesigned collection form and checked independently by 2 authors (CP
and AD). Specific data points collected included: study aim and design,
data source, selected population, surgical mortality definition, patient
and hospital confounders, and statistical/sensitivity analyses.
Papers were classified into 4 categories depending on their
major study aim, as follows: time trend analysis, outcome determinants
exploration, comparative effectiveness research, or health policy
impact. Time trend studies described patterns of change in surgical
mortality over time. Determinant studies identified factors influencing
surgical mortality at the patient or hospital level. Comparative effectiveness studies compared the relationship between different surgical
procedures and postoperative mortality. Health policy studies evaluated the impact of healthcare programs on surgical mortality.
1114 | www.annalsofsurgery.com

FIGURE 1. Flow chart of study selection.

Study design was described according to comparator choice to
achieve comparable groups, time trend integration, and matching
scheme between patients or hospitals. Three different study designs
were reported based on comparator group choice. Before-and-after
studies compared outcome before and after exposure within a unique
group. Studies with contemporaneous comparators compared outcomes after exposure between exposed and nonexposed groups.
Difference-in-differences studies compared outcome before and after
exposure between exposed and nonexposed groups.
To define surgical mortality, we distinguished intra- from extrahospital death. We also specified the period for death occurrence from
start (at hospital admission or the day of surgical procedure) until the
end (at hospital discharge, 30-d, 90-d, 1-yr). Descriptions of statistical
analyses included adjustment on the characteristics of patients or
providers and on secular trends, model type and methods to take into
account the clustering of patients within hospitals. Finally, to assess the
methodological quality of each study, we defined a 5-item score. These
items included 1) the presentation of selection criteria at the patient and
hospital level; 2) the adjustment for patient characteristics in multivariate models; 3) the consideration of hospital characteristics or
clustering in these models; 4) the control of secular trends in statistical
analyses; and 5) the performance of sensitivity analyses to test the
robustness of main findings.

Statistics
Characteristics of the selected studies were presented using
absolute and relative frequencies for categorical variables. Continuous variables were described using mean and standard deviation or
median with minimum and maximum.
To explore trends in studies’ characteristics and methodological quality over time, papers were classified according to their
respective aim and the year of publication. We used the Cochran–
Armitage test to highlight trends between categories. Data manipulation and analyses were performed using SAS software (version
9.3; SAS Institute Inc, Cary, NC).

RESULTS
Characteristics of Studies
The search strategy retrieved 258 citations (Fig. 1). After
screening titles, abstracts, and manuscripts, 89 studies were included
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TABLE 1. Study Characteristics
Aim
Time trend
Determinant exploration
Comparative effectiveness
Health policy
Data and population
Study period in years,
median (min–max)
No. of patients, median
(min–max)
No. of hospitals, median
(min–max)
Outcomey
In-hospital mortality
In/out-hospital mortality
Not specified
Patient confounders considered
Demographic
Comorbidities
Emergency
Socioeconomic
Year of procedure
Procedure type
Primary diagnosis
Admission day
Procedure complexity
Hospital confounders considered
Volume
Hospital status
Bed size
Rural/urban
Geographic area

n ¼ 89

%

9
54
13
13

10
61
15
15

6 (1–18)

—

55,830 (502–9,474,879)

—

531 (39–2691)

—

44
44
6
85
82
74
38
32
30
18
16
3
1
31
20
16
13
13
12

49
49
7
96
96
87
45
38
35
21
19
4
1
35
65
52
42
42
39


Forty-nine studies did not report hospital number.
yStudies could be used in-hospital mortality and in/out-hospital mortality.

for analysis (Appendix S2, http://links.lww.com/SLA/B162). Among
these studies, 18 were published through 1999, 31 between 2000 and
2009, and 40 from 2010. Overall, 74 studies originated from the
United States and used primarily Medicare data or nationwide
inpatient samples, 11originated from the United Kingdom and were
mainly based on hospital episode statistics, 4 originated from Canada, and 1 from France. Regarding study aim, 61% (54/89) of studies
explored surgical mortality determinants while 39% (35/89) focused
on time trend analysis, procedural effectiveness, or health policy
impact (Table 1, Fig. 2).
Study populations included procedures focused on the
following organ systems: digestive (53 studies), cardiothoracic
(42), orthopedic (15), respiratory (13), urinary (6), nervous (1),
and genital (1). Four studies did not discriminate procedure type
and therefore presumably included interventions spanning multiple
organ systems.
There was no consensus in the definition of surgical
mortality among reviewed papers. Surgical mortality was not
defined in 6 studies. Twenty-four studies failed to identify whether
surgical mortality was defined from the time of hospital admission
or from the time of surgical procedure. Among 44 studies investigating in-hospital mortality, 77% (34/44) defined mortality as
deaths occurring before hospital discharge, 25% (11/44) within 30
days, and 1% (1/44) within 14 days. It was not specified whether
in-hospital mortality included all postoperative deaths or only
focused on those occurring within surgical wards. Among 44
studies investigating in/out-hospital mortality, 45% (20/44) defined
mortality as deaths occurring within 30 days, 9% (4/44) within 90
days, 11% (5/44) within 1 year, and 41% (18/44) of studies
measured deaths before hospital discharge or within 30 days for
patient discharged before that date.
Patient confounders were considered in 85 studies while
hospital confounders were considered in 31 studies. Among 74
studies with adjustment for patient comorbidities, 38% (28/74) used

FIGURE 2. Percentage of studies according to study aim and publication year.
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TABLE 2. Study Aim and Design
Study Aim
Comparator
Contemporaneous group
Before and after
Difference-in-differences
Time series
Matching

Time Trend Analysis

Determinant Exploration

Comparative Effectiveness

Health Policy Impact

n ¼ 9 (%)

n ¼ 54 (%)

n ¼ 13 (%)

n ¼ 13 (%)

0
0
0
9
0

(0)
(0)
(0)
(100)
(0)

54
0
0
16
2

the Charlson index, 31% (23/74) the Elixhauser index, and 31% (23/
74) a specific selection of comorbidities. Socioeconomic status was
considered in 32 studies using insurance status (53% of studies, 17/
32) or other data (56%, 18/32), based on income, education, or
employment corresponding to the patient’s residence code.
Surgical mortality was modeled using logistic regression
(76 studies), cox model (3), and Poisson regression (2). Clustering
was considered in 38 studies using Generalized Estimating Equations
models (58% of studies, 22/38) or mixed models (34%, 13/38) while
3 studies did not report the model used.

Design and Methodological Quality of Studies
A contemporaneous control group was used as comparator in all
the determinant and comparative effectiveness studies (Table 2). Regarding the health policy studies, 8 used a contemporaneous control group, 4
executed a difference-in-differences study design, and 1 employed a
before-and-after design. In addition to time trend studies, 23 studies used
multiple measurements over time to consider secular trends. Propensity
score matching was used in 6 studies. The matching was performed at the
patient level in the determinant and comparative effectiveness studies,
while hospitals were matched in 1 health policy study.
Figure 3 shows that population selection criteria at both the
patient and hospital levels were not described in 79 studies, without
improvement over time. Adjustment for patient characteristics was
common, but 46 studies failed to consider the influence of hospital

(100)
(0)
(0)
(30)
(4)

13
0
0
3
3

(100)
(0)
(0)
(23)
(34)

8
1
4
4
1

(61)
(8)
(31)
(31)
(8)

characteristics on mortality or patient clustering. However, the
percentage of studies that took into account hospital factors increased
from 28% (5/18) until 1999 to 42% (13/31) between 2000 and 2009,
and 63% (25/40) after 2010 (Fig. 3, P ¼ 0.010). Secular trends during
the study period were not considered in 57 studies and there was no
improvement over time. Finally, 70 studies conducted sensitivity
analyses, increasing from 56% (10/18) until 1999 to 77% (24/31)
between 2000 and 2009, and 90% (36/40) after 2010 (Fig. 3, P ¼
0.003). These sensitivity analyses were focused on the testing of
secondary outcomes (40 studies), other statistical approaches (29),
other definitions of surgical mortality (18), population selection (14),
and study design (1).
Regarding the 5-item score, 1 study did not meet any item, 10
met 1 item, 23 met 2 items, 37 met 3 items, 16 met 4 items, and 2 all 5
items. The percentage of studies with at least 3 items increased
significantly from 44% (8/18) until 1999 to 52% (16/31) between
2000 and 2009 and 78% (31/40) after 2010 (P ¼ 0.008).

DISCUSSION
Nationwide hospital data are increasingly used to investigate
surgical mortality, with a special focus on analyzing time trends,
comparing procedural effectiveness, or measuring the impact of
health policy initiatives. We do not necessarily have tangible explanations to explain the trend toward relative increase of those topics in

FIGURE 3. Percentage of studies according to methodological quality items
and publication year. Selection criteria
were at both patient and hospital levels.
Hospital level corresponded to hospital
adjustment or patient clustering within
hospitals. P value <0.05, Cochran–
Armitage test trend.
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relation to traditional research on mortality determinants. However,
recent emphasis in the fields of health services research with growing
funding requires the utilization of large administrative data reflecting
routine practice in large populations.11 The accumulation of nationwide data over decades now allows refinements in designing longitudinal studies with contemporary control groups for investigating
real changes in surgical outcomes caused by new policies or procedures. Although the methodology of studies has improved over
time, this systematic review of publications from flagship journals
highlights the fact that basic quality standards have not been systematically met. Nearly all publications still fail to report both patient
and hospital selection criteria to homogenize study populations. A
majority of studies do not take into account the influence of hospital
effect, secular trend, or coding variation that may alter data interpretation in statistical analyses. Finally, sensitivity analyses are not
always performed to test the robustness of study findings. However,
several improvements in methodology are possible to manage potential confounders, through appropriate study design, data selection,
and analysis.
No amount of sophisticated statistical analyses can compensate for poor study design. On the one hand, using before-and-after
study design to measure the association between the intervention
effect and outcome within a unique group is valid only if there are no
underlying time-dependent trends in outcomes unrelated to the effect
of intervention.12 On the other hand, using a study with contemporaneous control comparators is valid only if baseline outcomes are
the same between exposed and nonexposed groups before the start of
intervention. Opting for a difference-in-differences study design can
address these issues by comparing outcomes before and after
exposure to the intervention between exposed and nonexposed
groups.13 In this way, using a control group that is experiencing
the same secular trends but is not exposed to the intervention allows
the investigators to subtract out the background changes in outcomes
if 2 assumptions are met: 1) that underlying trends in outcomes
before the intervention should be the same between groups although
these groups may have different outcomes at baseline; and 2) that
phenomena occurring concurrent to the intervention will affect both
groups equally.14 These assumptions require multiple measurements
for each group to verify time trends and initial comparability between
groups and assure their preservation during the entire study period.15
If these assumptions are not met, multiple measurement design could
be used to take into account different trends.
One way to obtain group comparability is to choose wellmatched samples of the original exposed and control groups, thereby
reducing bias risk due to potential confounders.16 When the study
purpose is to assess the impact of a specific healthcare policy,
matching hospitals can be worthwhile for controlling hospital
characteristics that may drive surgical outcomes irrespective of
policy implementation.17 If a study aims at measuring the association
between patient determinants and mortality or the effectiveness
between surgical procedures, patient matching is of great interest;18
specifically, patient matching can be stratified within hospitals18 to
know whether patients exposed to a new procedure have better
outcomes than those treated with the usual procedure by the same
surgical team, with the advantage of controlling for potential confounders related to variations across hospitals in perioperative care
and data coding. When a large number of variables influence group
choice, it can be appropriate to use propensity score analyses to
balance groups according to distributions of measured covariates.16,19 These variables may collectively be proxies for unobserved
factors; therefore, the high-dimensional propensity score method has
been suggested to identify and prioritize covariables within the
investigational database.5,19,20 Instrumental variables can also be
used to control measured and unmeasured confounders. This method
ß
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employs a variable called an instrument that is predictive of treatment
but has no effect on the outcome, except through its influence on
treatment assignment.21
Given the complexity of the underlying medical and socioeconomic processes that determine surgical outcomes as well as the
capacity of nationwide data for exploring healthcare, a substantial
uncertainty persists about how to select study populations, to design
the study and to specify statistical models. Therefore, systematic
sensitivity analyses can be conducted to ensure the consistency of
results. Traditionally, sensitivity analyses require changing the
measurement, but they can also be performed at each step of the
study for testing different control groups, population of patients,
surgical procedures, and statistical models.
For example, a feature of large hospital databases is their
hierarchical structure, since distinct clusters of patients are treated
within different hospitals. Patients admitted to a given hospital may
share common characteristics and have correlated outcomes, thus
violating the independence assumptions of traditional regression
models. The main consequence of not taking account of this correlation is a misinterpretation of statistical tests22 and inadequate
precision of the estimates with too narrow confidence intervals.23,24
To avoid such a pitfall, random effects models and generalized
estimating equations models23 are commonly used and could be
routinely incorporated into statistical analyses or at least into sensitivity analyses. Furthermore, logistic regression is commonly used
to model in-hospital mortality, but this is unsuitable when follow-up
varies from 1 patient to another or the hospital discharge represents a
competing risk of death. A solution to study in-hospital mortality is to
employ competing risk models in survival data analyses, integrating
time to death and length of hospital stay.25,26 Finally, when surgical
mortality is investigated over several years, it can be interesting to
incorporate a time variable in the model because unmeasured confounders can be associated with background changes like coding
variations.12,27
The main limitation of this review was the noninclusion of all
articles published in our theme for feasibility reason. Although we
were not representative of studies published in all biomedical
literature, we assumed that the editorial policies of selected journals
were based on high-quality standards in selecting submitted works.
We therefore believe that the methodological quality of papers
retained in this review is above average relative to that of the entire
range of studies in our theme. A further limitation was the marked
heterogeneity in the aims and populations of selected studies. A
broad search strategy was used intentionally to capture a full range of
studies across all surgical specialties.
In 2015,the Reporting of studies Conducted using Observational Routinely-collected health Data checklist was created as an
extension to the STROBE statement to address reporting items
appropriate to observational studies using routinely collected health
data.28 This checklist encourages authors to clearly state codes,
algorithms, and linkages between databases used to select study
populations and define exposures, outcomes, and confounders. However, it would be worthwhile adapting this checklist for the assessment of large hospital databases that gather different data granularity
levels (ie, hospital, patient, stay) across several years. This review
provides a thorough evaluation of methodologies employed in
studies using these data and highlights several key findings for
investigating surgical outcomes. In support to the Reporting of
studies Conducted using Observational Routinely-collected health
Data statement, confounder control could be improved through
appropriate study design, homogeneous population selection, the
consideration of hospital factors, and secular trends influencing
surgical mortality, and the systematic performance of sensitivity
analyses (Appendix S3, http://links.lww.com/SLA/B162).
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