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Objective. Develop an improved method for auditing hospital cost and quality
tailored to a specific hospital’s patient population.

Data Sources/Setting. Medicare claims in general, gynecologic and urologic sur-
gery, and orthopedics from Illinois, New York, and Texas between 2004 and 2006.
Study Design. A template of 300 representative patients from a single index hospital
was constructed and used to match 300 patients at 43 hospitals that had a minimum of
500 patients over a 3-year study period.

Data Collection/Extraction Methods. From each of 43 hospitals we chose 300
patients most resembling the template using multivariate matching.

Principal Findings. We found close matches on procedures and patient characteris-
tics, far more balanced than would be expected in a randomized trial. There were little
to no differences between the index hospital’s template and the 43 hospitals on most
patient characteristics yet large and significant differences in mortality, failure-to-res-
cue, and cost.

Conclusion. Matching can produce fair, directly standardized audits. From the
perspective of the index hospital, “hospital-specific” template matching provides the
fairness of direct standardization with the specific institutional relevance of indirect
standardization. Using this approach, hospitals will be better able to examine their
performance, and better determine why they are achieving the results they observe.
Key Words. Quality of care, outcomes research, health care research, cost

By far, the most common method to compare hospital outcomes is indirect
standardization, often accomplished by dividing the observed number of
patient events at a hospital by the expected number of patient events derived
from the population (Fleiss, Levin, and Paik 2003; Iezzoni 2012) to get the
traditional “O/E” metric. In some cases the observed number of events (O) is
replaced by a predicted number of events (P), where P is a function of O, as is
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done for Medicare’s Hospital Compare random effects model, where the
quantity “P/E” is reported (Krumholz et al. 2006a,b; Silber et al. 2010). At
times, investigators prefer to report (O-E)/N rather than O/E, which has the
advantage that the metric is clearly defined and stable even when E is near
zero (Chassin et al. 1989; Silber, Rosenbaum, and Ross 1995). All approaches
have one aspect in common, that being the reliance on each individual
hospital’s own patient case mix to be used when comparing across hospitals.

The fact that the indirect standardization approach allows two hospitals
with very different distributions of patients to be compared represents both a
strength and weakness of the technique. In a sense, indirect standardization
tries to describe what has happened when the hospital sees the mix of patients
it usually sees, while direct standardization tries to describe what would hap-
pen if the hospital saw a mix of patients based on another population of inter-
est. Direct standardization will utilize this external reference population to
weight the results of the index hospital (Fleiss, Levin, and Paik 2003). Speak-
ing informally, a hospital administrator trying to improve the care of the cur-
rent patient population is interested in indirect standardization (i.e., would
other hospitals do better with my patients?), while a patient looking at a rank-
ing of hospitals to select one would be interested in direct standardization—
(i.e., where would it be best for me to go if I resembled the typical patients used
for direct standardization, or how well has the hospital done with other
patients who have the condition for which I am being admitted).

On the one hand, judging a hospital based on its own patient popula-
tion makes intuitive sense—the hospital is being judged on cases relevant to
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what it sees. While it may be convenient to compare hospitals even if they
treat very different types of patients, a concern of indirect standardization is
that two hospitals that see very different types of patients may be unfairly
compared, as the lack of overlap in patient populations places a great deal
of burden on the indirectly standardized model to appropriately account for
these nonoverlapping patient factors. If the model fails to incorporate the
important differences between each hospital’s patient populations, then the
inferences concerning hospital comparison with O/E methods may be
misleading.

An alternative approach that we have introduced is to use a form of
direct standardization (Silber et al. 2014, this issue), that uses a template of
patients and compares a multivariate matched set of patients across hospitals,
thereby achieving closely overlapping patient distributions for observable
variables—far more close on measured characteristics than if patients had
been randomly assigned to hospitals. In this previous work we described how
multivariate template matching, as a method to compare hospitals using direct
standardization, produced excellent matches across 217 hospitals performing
general and orthopedic surgery across three states. It had the strength that
each hospital was evaluated with the same template; therefore, there was less
concern about nonoverlapping patients, when hospitals did have overlapping
patients to compare.

When a hospital’s Chief Medical Officer desires to know precisely how
well his or her hospital performs on its own distribution of patients, and not on
an external template that may not be representative of the type of patients seen
at his or her specific hospital, then direct standardization may not be the
method of choice. In other words, the Chief Medical Officer may want to
know, “How well do we do with the patients we see?” In this article, we
develop a new method to perform indirect standardization with multivariate
template matching, and we introduce what we define as “hospital-specific tem-
plate matching” a form of direct standardization with a hospital’s own patients
(thereby resembling aspects of indirect standardization). This approach will
allow a close look at how well a hospital performs on the patients it sees by
constructing a template of patients representative of the hospital’s own patient
distributions, finding other hospitals that also see similar patients to compare
outcomes between the hospital of interest and other hospitals that can be
matched to the index hospital’s template. In so doing, we hope to provide a
new method to better implement indirect standardization analyses for improv-
ing a hospital’s quality of care specifically tailored to the index hospital’s most
relevant patients—the patients they see.
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METHODS
Conceptual Model: The Hospital-Specific Template Match

The hospital-specific template audit answers the question: “How did our hos-
pital perform for the patients we see compared to how our patients would have
fared at other hospitals that see patients like them?” It is easiest to understand
this template audit as analogous to a classroom examination, where the exam
is only given to students who took the same courses. A fair exam asks each stu-
dent the same or similar questions. A fair audit contrasts hospital performance
on similar patients, that is, patients undergoing similar procedures with the
same or similar comorbid conditions. There is one specific difference from the
classroom exam analogy—for hospital-specific template matching, we con-
struct an exam tailored to an individual student’s background. We then only
compare that student’s grade to other students who took the same classes and
were given the exam tailored to that first student. The hospital-specific
template approach uses matching to enable a hospital to find peer hospitals
that see patients like their own.

The template for hospital-specific template matching consists of a collec-
tion of 300 patients undergoing procedures performed at the hospital in ques-
tion. It is constructed by taking a sample of 300 patients from the hospital of
interest. In our case, the template will be a stratified random sample made up
of 150 general surgery cases (with other procedures performed by general
surgeons) and 150 orthopedic surgery cases.

To construct control hospital matched sets, 300 patients at each control
hospital are identified that match the template for the index hospital of inter-
est. The individual hospital’s constructed template (of size 300) is then individ-
ually paired to 300 patients at each of the other hospitals. If the first patient in
the template is a 68-year-old woman with a prior heart attack undergoing hip
surgery, then a similar patient is found at each of the other hospitals. This
process of “matching” hospital patients to the template’s patients is accom-
plished using multivariate matching (Rosenbaum 2010b). Hospitals that do
not have patients that can match the template are discarded from the compari-
son as described below. In the end, we will evaluate the index hospital by com-
paring its typical patients to a sequence of matched comparisons of similar
patients at other hospitals. The index hospital sees outcomes and costs for 300
of its own patients together with summaries of outcomes for 300 similar
patients at other hospitals. How would my patients fare elsewhere? Because
these are 300 real patients at the hospital, not theoretical coefficients in a
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model, the Chief Medical Officer may examine its own patients with poor
outcomes or excessive costs in as much detail as desired. Later, in Table 2, we
present one such audit for one hospital, comparing its performance with 300
patients to the performance of 43 other hospitals with 300 very similar
patients.

Constructing the Examination

For this research we examined the cost and quality of hospitals treating
Medicare patients admitted for orthopedic and general surgery (including
some urological and gynecological procedures often performed by general
surgeons) throughout Illinois, New York, and Texas using the ICD-9-CM
principal procedure codes found in the claims. We chose these states because
their Medicare patients had a relatively low rate of managed care as compared
to other states, and the states were geographically diverse. For these states
we obtained the Medicare Part A, Part B and Outpatient files for the years
2004-2006, and merged these file to the Medicare Denominator File to deter-
mine dates of death and other demographic information.

We chose a template size of 300 because of practical size constraints and
power considerations, though templates of various sizes can be constructed,
depending on the purpose of the audit. Choosing a template of 300 prompted
us to select hospitals that performed at least 500 cases over the 3 years of the
dataset to ensure adequate matching ratios to achieve good matches at each
hospital. Our study data set had 227 usable control hospitals, of which 43 hos-
pitals did have a set of patients that matched Hospital A’s template.

Using a template with size 300 patients, we will wish to compare an out-
come rate at a single hospital to the remaining 43 hospitals. In our study the
factor under study is the hospital, or, in the experimental design literature, the
hospital represents the “treatment of interest” and the patient is the “unit of
analysis.” We ask whether the hospital/treatment produces poor outcomes in
the patients who receive that treatment. Each patient in the index hospital is
paired to 43 controls at other hospitals. To provide a rough sense of the statisti-
cal power for such a template size, we utilize the method of Miettinen (1969).
For example, using a two-tailed type-I error of 5 percent, a hospital with an 8
percent death rate compared to a 4 percent rate for the remaining hospitals
could be detected with above 90 percent power, and it would have 81 percent
power for a hospital with a 7 percent mortality rate; and comparing a hospital
with a 50 percent complication rate to the remaining hospitals with a 40
percent rate would obtain a power above 90 percent. We provide these power
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calculations only as a rough guide for the reader. The excellent power stems in
part from the fact that each of 300 patients at one hospital is compared to 43
similar patients at 43 other hospitals, producing a comparison group of size
43 x 300 = 12,900 patients.

Administering the Examination

The process of giving the exam (performing the audit) involves the selection
of 300 patients at each hospital who closely resemble the 300 patients in the
template. We call this process “template matching” because at each hospital
we choose 300 patients at that hospital that most reflect the 300 patients in the
template: every hospital takes the same exam. To match 300 patients to the
template requires some pool of patients at each hospital. As our template
includes 150 general, gynecologic, and urologic surgery patients and 150
orthopedic patients, we only analyzed hospitals that saw at least 200 general,
gynecologic, or urologic surgery patients and 300 orthopedic surgery patients.

The matching was accomplished using Medicare claims from 2004 to
2006 (approximately 3 years of data, less 3 months to allow for a look-back
period when defining comorbidities). We performed our matches using R
MIPMatch (Zubizarreta 2012; R Development Core Team 2013; Zubizarreta,
Cerda, and Rosenbaum 2013) and specified the following algorithm for select-
ing matches to the overall template: Match exactly on principal procedure
whenever possible; if not possible, match within a procedure cluster (a clinical
group of procedures that resemble the index procedure; e.g., right versus left
hemicolectomy; see Appendix); if not possible, then do not use this hospital as
a control. Inside each hierarchical category, we choose a match based on the
minimized medical distance between patients, where medical distance is
defined through the Mahalanobis distance, similar to what was described
above for choosing the template. Details concerning the elements of the
Mabhalanobis distance are provided in the Appendix.

To improve the quality of the matches between the template and the
specific hospital, we utilized fine balance (Rosenbaum, Ross, and Silber 2007,
Silber et al. 2007b, 2012; Rosenbaum 2010a; Yang et al. 2012) within general
surgical and orthopedic patients. Fine balance says that if one must tolerate a
mismatch on, say, CHF for one patient, then this mismatch must be counter-
balanced by a mismatch for CHF in the opposite direction, so the number of
patients with CHF at the hospital equals the number in the template. Fine
balance ensured that if the template had, say 35 percent CHF cases for its 150
general surgical cases and 25 percent CHF for its orthopedic cases, each
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hospital also provided a 35 percent rate of CHF for its general surgical and 25
percent rate for its orthopedic surgery cases whenever possible, without
absolutely requiring exact matches on CHF for each and every patient in the
hospital with respect to the template, though the algorithm also preferred to
do that as often as possible via minimizing the Mahalanobis distance function.

Grading the Fairness of the Examination

Ideally, for a fair exam, every hospital would have been tested on exactly the
same 300 patients as every other hospital. Of course, this is not possible—yet
we can evaluate the fairness of the examination or audit by observing how
similar the characteristics of the matched patients are across hospitals. If each
hospital’s 300 patients display similar patient characteristics, then we will
define this as a fair exam. For each hospital we can formally test whether the
matched patients at their hospital are similar to the template. We tested
whether the hospital’s matched set was similar to the template using the
“cross-match” test (Rosenbaum 2005; Heller, Rosenbaum, and Small 2010b;
Heller et al. 2010a). The cross-match test determines whether a hospital could
be distinguished from the template based on the patients in the hospital’s
matched set. The cross-match test takes 600 patients, 300 from the template
and 300 from the hospital, pairing patients with similar characteristics ignor-
ing their origin in the template or the hospital. Does pairing similar patients
tend to separate the hospital and the template? A cross-match occurs when
someone in the template is matched to someone in the hospital, and many
cross-matches suggest that patient characteristics do not distinguish hospital
and template patients. Transformation of the number of cross-matches pro-
vides a distribution-free P-value testing the equality of the distributions and
also an estimate of a population quantity, Upsilon, that measures the degree of
overlap. A hospital whose matched patients were not significantly different
from the template would display an insignificant P-value and an estimated
Upsilon that is about 2 or greater than /2. Hospitals were also required to have
no significant difference in the number of transfer-in patients based on Fisher’s
Exact Test.

Grading the Hospital

Matching is done first, to create a fair exam, without viewing outcomes. Once
the hospital matches have been deemed fair, through examining the quality of
the matches and using the cross-match test, the matching process stops, and



1482 HSR: Health Services Research 49:5 (October 2014)

examination of patient outcomes, costs, or processes at the hospital can begin.
This two-step process prevents multiple analyses to find an analysis that makes
outcomes look good—it prevents editing the exam after the student has
answered the questions (Rubin 2007, 2008).

Here, we examine in-hospital and 30-day mortality; in-hospital and 30-
day complications; in-hospital and 30-day failure-to-rescue (Silber et al. 1992,
2007a); readmissions within 30 days of discharge; resource utilization-based
costs and payments, both in-hospital and 30-day (Silber et al. 2012, 2013);
length of stay; the percent of patients that were in the ICU and the length of
ICU stay for those in the ICUj; and a potential process metric available in the
data set, operative procedure length as defined through the anesthesia bill
(Silber et al. 2007¢,d, 2011, 2013). Summary estimates of Medicare costs and
payments for Hospital A and matched patients are reported using a Hodges—
Lehmann estimate (Hollander and Wolfe 1999), which is the location estimate
derived from and compatible with the Wilcoxon signed-rank statistic. Read-
mission is all-cause readmission for this example, and complications are
defined as in previous work (Silber et al. 2007a, 2012) comprising 38 common
complications that occur post-operatively. Each hospital audit would include
a comparison of the outcomes at that hospital to the other 43 hospitals in the
study. The audit will also include post match adjustments (Cochran and Rubin
1973; Rubin 1979; Silber et al. 2005) that are expected to be generally similar
to the “stratified” rates since we have already performed extensive matching
to produce similar patients at each hospital. The stratified analysis will be per-
formed using a Mantel-Haenszel test for discrete variables (clustering on the
template patient) and a stratified Wilcoxon rank sum test (Lehmann 2006).
The adjustment model for each discrete outcome used conditional logistic
regression clustering on the template matched patient adjusting for probability
of death score, predicted procedure time, and an indicator for emergency
admission. For each continuous outcome we used robust regression (Huber
1981; Hampel et al. 1986), adjusting for the same variables and an indicator
variable describing the template patient to whom the observed patient was
matched (Rubin 1979).

RESULTS
Hospital and Patient Populations

We required that hospitals had at least 200 general surgery cases and 300
orthopedic cases over the 3-year period for us to include them in the analysis.
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Of 514 acute care facilities within Illinois, New York, and Texas that participate
in Medicare’s Surgical Care Improvement Project, 241 met this size require-
ment. Of the 240 hospitals that serve as control hospitals for Hospital A, we
had complete billing data on 227, and of these 227 we could successfully
match 79 hospitals to Hospital A’s template. Of the 79 hospitals that were suc-
cessfully matched to Hospital A’s template, 20 failed the cross-match test
(p < .05) despite being of adequate size and having full billing data. The
matched samples for 16 of the remaining 59 hospitals had significantly fewer
transfer-in patients than in Hospital A’s template (p < .05) and therefore were
excluded, as it would not be fair to compare Hospital A to hospitals with fewer
of these high-risk patients.

Examining the Quality of the Matches

In Table 1, we examine how similar the hospital’s matched samples were
across hospitals, and formally test the overall variation of patient characteris-
tics and outcomes across hospitals using the Kruskal-Wallis test, a nonpara-
metric version of the one-way ANOVA test (Kruskal and Wallis 1952) for
each continuous variable of interest and the Pearson Chi-square test for each
binary variable. The test is simply a benchmark, comparing the similarity of
hospitals in our template match to the similarity of hospitals if patients had
been randomly assigned to hospitals. The chi-square statistic for the Krus-
kal-Wallis test divided by its degrees of freedom is also reported. In a com-
pletely randomized clinical trial—that is, random assignment of patients to
hospitals—the Kruskal-Wallis chi-square divided by degrees of freedom
would have expectation = 1, and it would tend to be larger than 1 if patients
differed more than expected by random assignment, and it would have
expectation less than 1 if patients differ across hospitals less than expected
under random assignment. Arguably, the exam looks fair if this chi-square
ratio is less than 1.

We see that patient covariates across hospitals are very similar, far
more similar than if the patients were randomly assigned to hospitals, as
the chi-square ratios are generally far below 1. For major patient character-
istics and hospital outcomes, Table 1 presents the hospital values for half
the entire distribution (the median), then divided by quarters and then half
again (12.5th and 87.5th percentiles). As can be seen, values of patient char-
acteristics were very stable across hospitals, and this was supported by the
chi-square ratios generally far below 1, and p-values near 1.000. (An
expanded version of this table with all 20 matched comorbidities can be
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Table 1: Assessing if Patient Covariates and Outcomes Vary Significantly
across Hospitals. We compare the variation among hospitals in patient covari-
ates and outcomes to the variation that would have been expected had patients
been randomly assigned to hospitals. After matching, the patients are more
similar on measured covariates than expected by random assignment, yet very
different on outcomes. For the y statistics, a / degrees of freedom (=42 for
43 hospitals) that is greater than 1 suggests more variation than random, and
less than 1 suggests less variation than random. For financial outcomes and
procedure time, we display the Hodges-Lehmann estimates, and we report
the statistic and p-value using the Kruskal-Wallis test. Note that patient vari-
ables are very stable across hospitals, whereas hospital outcomes are not

Percentile Range (Hospital Means or Hodges—Lehmann

Estimates)
Lower Lower Upper Upper
Eighth Quartile Quartile  Eighth  Chi-Square
Patient Covariates  (12.5th) (25th)  Median (75th) (87.5th)  Statistic/DF  p-value
Age (years) 75.7 75.7 759 76.1 76.4 0.84311 7538
Gender 41.7 42.0 42.0 42.7 42.7 0.03734  1.0000
(% male)
Probability of 0.0238 0.0244 0.0260 0.0281 0.0290 0.27678  1.0000
30-day death
Predicted 137.5 137.7 138.2  138.7 138.9 0.39881 19998
procedure
time (minutes)
Emergency 15.7 16.0 16.7 17.0 17.0 0.11402 1.0000
admission
Transfer-in 3.3 4.3 5.7 5.7 5.7 0.67780 9451
Comorbidities
CHF 15.7 16.3 16.7 17.0 17.3 0.14154 1.0000
Past arrhythmia  22.0 22.3 22.7 23.0 23.7 0.11405  1.0000
Past myocardial ~ 10.0 10.3 10.7 10.7 10.7 0.09536  1.0000
infarction
Angina 3.3 3.3 3.7 4.0 5.0 0.49806 9977
Diabetes 26.0 26.3 26.3 26.7 27.0 0.03394  1.0000
Renal 6.0 6.0 6.3 6.7 6.7 0.09357  1.0000
dysfunction
COPD 16.3 17.0 17.3 18.0 18.3 0.17837  1.0000
Asthma 13.0 13.0 13.3 13.7 13.7 0.10066 1.0000

continued
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Table 1: Continued

Percentile Range (Hospital Means or Hodges—Lehmann

Estimates)
Lower Lower Upper Upper
Eighth  Quartile Quartile  Eighth  Chi-Square

Ouitcomes (12.5th)  (25th)  Median (75th) (87.5th)  Statistic/DF  p-value
Mortality (%)

Inpatient 0.7 1.0 1.3 2.0 2.3 0.8914 6712

30-day 1.3 1.7 2.3 3.0 3.3 1.2808 .1049
Complications (%)

Inpatient 35.3 37.7 41.0 44.3 47.7 4.2587 <.0001

30-day 45.7 50.3 56.0 59.7 61.7 5.8927 <.0001
Failure-to-rescue (%)

Inpatient 1.6 2.3 3.8 5.0 5.7 1.0430 .3948

30-day 2.2 2.9 4.0 5.7 6.6 1.7040 .0030
Readmissions

30-day % 6.7 7.7 8.7 10.0 10.7 1.6971 .0032
Length of stay* 4.3 4.4 4.6 5.0 5.2 4.5715 <.0001
Patients in 9.0 9.7 14.3 19.0 23.0 10.6930 <.0001

ICU (%)
Daysin ICU, 4.7 5.0 6.2 6.7 7.1 2.0811 <.0001

if sent to ICU
Total cost ($1,000s; Hodges—Lehmann estimates)

In-hospital $ 10.7 11.1 11.7 12.1 12.4 5.5274 <.0001

30-day $ 11.5 11.9 12.5 13.0 13.5 4.7859 <.0001
Total payment ($1,000s; Hodges—Lehmann estimates)

In-hospital $ 13.0 13.4 14.2 16.2 20.0 55.6498 <.0001

30-day $ 13.8 13.9 14.7 171 20.8 49.6518 <.0001
Procedure time 117.8 126 135.8 152.3 173.3 39.7043 <.0001

(minutes)

Note. *Length of Stay means were calculated using trimmed means, excluding 2.5% of patients
from each extreme.

found in the Appendix.) The matching made groups of patients at different
hospitals who look far more similar in terms of the variables in Table 1
than would have been expected by randomly assigning patients to hospi-
tals. It is possible, of course, that patients differ in ways not recorded in
Table 1.

Results from Table 1 suggest that the template matching produced sets
of patients across hospitals that were very similar to each other, thereby
allowing for fair comparison of hospital outcomes. The procedure matching
algorithm was very successful: of 12,900 patients from the 43 matched hospi-
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Figure 1: Hospital Outcomes. We display the outcomes for 43 hospitals,
each hospital having 300 template-matched patients. For each outcome we
provide density plots with an associated box plot providing 5th, 25th, 50th,
75th, and 95th percentile markers, as well as a depiction of outliers. We also
denote individual Hospital A (examined in Table 2) as a large solid red dot
on the plots. Displayed are (A) in-hospital mortality; (B) 30-day mortality;
(C) in-hospital failure-to-rescue rate; (D) 30-day failure-to-rescue rate; (E) in-
hospital complication rate; (F) 30-day complication rate; (G) percentage of
patients using the ICU; (H) ICU LOS in patients using the ICU; (I) 30-day re-
admission rate; (J) Length of stay (2.5 percent trimmed mean); (K) total costs
of the index admission (Hodges—Lehmann estimates); (L) total cost of the
index admission, plus total costs 30 days after discharge from the index
admission (Hodges—Lehmann estimates)

tals, 12,161, or 94.3 percent, were exactly matched to their respective Hospital
A template patient on ICD-9-CM principal procedure. The remaining
patients were matched to template patients exactly on procedure cluster.

The bottom portion of Table 1 looks at outcomes, asking if similar
patients at different hospitals have similar outcomes. Unlike patient character-
istics, hospital outcomes varied greatly, and significantly, across institutions.
Outcome rates differ among hospitals by far more than would be expected if
hospitals provided equivalent care and patients were randomly assigned to
hospitals. On covariates, patients look more similar than by random assign-
ment, but on outcomes they look quite different. This is also described in Fig-
ure 1, where we examine each of the reported outcomes across the 43
hospitals with probability density plots, where the area under each distribu-
tion sums to a probability of 1.0.

Examining the Individual Hospitals— The Hospital-Specific Hospital Audit

We can now proceed to audit an individual hospital—the main goal of this
report. We examine Hospital A on the outcome and process metrics of inter-
est, and we compare Hospital A to the rest of the 43 hospitals in the data set,
since all hospitals were matched to the same initial template from Hospital A.
For comparison purposes, Hospital A is the same hospital depicted as Hospital
A in our companion manuscript on direct standardization using template
matching (Silber et al. 2014, this issue).
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In Figure 1 Hospital A is denoted with a large solid dot in all graphs. In
Table 2 we observe that Hospital A displayed a higher in-hospital death rate
(4.0 percent) than the grouped rate of the other 43 control hospitals (1.5 percent),
or a rank ordering of 97th percentile, and a similar poor performance in
30-day mortality with a 5.3 percent death rate versus controls of 2.3 percent,
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and a 97th percentile score. Without any post-match adjustment, the death
rates for in-hospital and 30-day mortality did reach statistical significance
(p = .0002 in-hospital; p < .0001 30-day). With post-match adjustment for the
probability of death, emergency room admission, transfer-in status, and
predicted procedure time, both in-hospital and 30-day mortality retained high
statistical significance (p < .0001 for both). Hospital A’s death rates appeared
elevated for both orthopedic and general surgery, both displaying poor rank
percentiles, but rates for general surgery were especially problematic—about
triple the death rate of the 43 matched hospitals.

Compared to other hospitals, Hospital A displayed a lower 30-day
orthopedic complication rate (48.0 percent vs. 58.9 percent, unadjusted
p = .0049; adjusted p = .0065), but a nonsignificant and higher rate for gen-
eral surgery (55.3 percent vs. 51.8 percent), so the 30-day complication rates
were not consistent. Performance on failure-to-rescue (FTR) was generally
poor and did reach statistical significance for both inpatient and 30-day FTR
for both stratified and regression adjusted stratified results (both p < .001).
Hospital A ranked poorly for FTR (97th percentile) for both inpatient and 30-
day metrics, overall and within general surgery.

Readmission rate was unremarkable, as was overall length of stay. How-
ever, costs suggested an interesting pattern. One may look at overall costs and
consider Hospital A to be an ordinary hospital. However, when looking
within surgical groups, a different picture emerges. General surgical patient
costs were very high compared to controls, whereas orthopedic surgery costs
were quite low, so that these significant results cancelled themselves out to
produce a neutral picture on cost overall.

The percentage of patients sent to the ICU was far higher than the
remaining 43 hospital control rate (p < .0001), and the ICU stay per patient in
the ICU was longer (p < .05 in the adjusted analysis). Finally, the Hodges—
Lehmann estimate for surgical procedure time was over 8 minutes longer
(p < .0001) at this hospital than the controls, despite the fact that predicted
surgical times between cases and controls were almost identical (138.6 vs.
138.2 minutes).

When we examined the patient characteristics between this hospital and
the remaining 43 hospitals at the bottom of Table 2, the rates were remarkably
similar. It would appear that this hospital’s Chief Medical Officer would have
difficulty building a case for defending their worse outcomes by suggesting
that their patients were somehow sicker than the other 43 hospitals.

Finally, a sensitivity analysis (Rosenbaum 1988, 2002; Rosenbaum and
Silber 2009) to explain away the higher mortality in Hospital A showed that
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an unobserved patient characteristic would need to triple the odds of being
treated at Hospital A andtriple the odds of death by 30 days.

DISCUSSION

The hospital-specific template matching approach for auditing Hospital A
represents a new approach to compare and understand hospital quality of
care. We custom-made a template specifically for Hospital A to represent its
unique patient mix. We then searched for other hospitals that did see these
same patients. Our intent was to let Hospital A determine whether the patients
it treats would have been better off going to another hospital. Though these
other hospitals may see a different distribution of patients, these other hospi-
tals did see enough similar patients to match Hospital A’s template so that the
direct comparisons were feasible and fair. That is, by matching we found
those 43 hospitals in our data set that had close enough overlap to be able to
confidently use them as a control.

Similar to our previous results using direct standardization with tem-
plate matching (Silber et al. 2014, this issue), the results of our analysis of
general surgery and orthopedics displayed considerable differences in out-
comes between Hospital A and the other 43 hospitals, despite very uniform
patient characteristics across all hospitals. The hospital-specific template
matching sample allows for a fair, directly standardized comparison across
hospitals, since the matched sample of 300 patients is closely balanced
between each hospital and the template. The resulting variation in out-
comes between Hospital A and the 43 other hospitals was therefore believ-
able and completely relevant to Hospital A because the template was based
on Hospital A.

Hospital-specific template matching includes two desirable features of
standardization methodology. There is a feature of direct standardization
because all 43 hospitals and Hospital A were compared using the same tem-
plate, which happens to be Hospital A’s template. It has as an important
strength the similarity in patients that we observed in direct standardization
using template matching (Silber et al. 2014, this issue). This similarity comes
at some cost, in that we have fewer other hospitals that can be matched to Hos-
pital A’s template. Using the method of direct standardization with template
matching, we previously had found 217 hospitals that met the matching
requirement, but this was accomplished with a template specifically made
to be relevant to a larger group of hospitals. Another advantage of hospital-
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specific template matching is that the method includes some of the advantages
of indirect-standardization. Hospital A can observe how well other hospitals
would treat Hospital A’s patients because the template is constructed from
Hospital A’s patients. This “boutique” match provides a unique perspective
for Hospital A, since it would be harder to suggest that poor performance by
Hospital A on the match constructed for Hospital A is simply due to different
patient mix.

Selecting a peer group of hospitals that see patients like the index
hospital’s patients may also aid in the construction of peer groups for assessing
hospital quality. Methods to construct peer groups have traditionally utilized
specific hospital characteristics (e.g., teaching vs. nonteaching), but they can
also include a weighted mixture of characteristics. In fact, newer work has uti-
lized a “nearest neighbor” approach to such selection of peers that minimizes a
distance that includes whatever choice variables are desired (see Byrne et al.
2009). Utilizing our template approach in the peer selection algorithm may
yet be another application for this work. A peer group based on hospitals that
see similar patients may be more relevant than one based on a hospital
characteristic such as teaching status.

Hospital-specific template matching may serve as a complement to tem-
plate matching using direct standardization. We can envision insurers and pol-
icy makers screening and comparing hospitals on various templates they
choose to construct, each relevant to specific policy initiatives and types of
patients. Hospitals flagged as doing poorly can, on the other hand, ask whether
other hospitals could have done better with their mix of patients. It should be
stressed, however, that performing well on hospital-specific template match-
ing does not negate the concerns raised on the direct standardization analysis.
It simply suggests that the aspects of quality needed to do well on the direct
template are lacking at this specific hospital, but luckily this hospital does not
see many of those patients that need the strengths required for the direct tem-
plate. Such distinctions are crucial to understand, especially for policy makers
interested in optimal referral decisions and for individual hospital quality
initiatives.

From the perspective of a hospital’s Chief Medical Officer, hospital-
specific template matching combines the fairness of comparison from direct
standardization with the specific institutional relevance of indirect standardi-
zation. With hospital-specific template matching, we believe CMOs will be
better able to compare how their hospitals are performing with their own
patient distribution, and better determine why they are achieving the results
they observe.
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SUPPORTING INFORMATION

Additional supporting information may be found in the online version of this
article:

Appendix SA1: Author Matrix.

Table S1: Expanded Version of Table 1 (Assessing if Patient Covariates
and Outcomes Vary Significantly across Hospitals).

Table S2: Expanded Version of Table 2 (Understanding an Individual
Hospital’s Outcomes).

Table S3: Description of the Template Sample.

Table S4: Definitions of Index Surgical Populations and Hospitals.

Table S5: Description of Matching Algorithm.

Table S6: Description of Predicted Procedure Time Algorithm (A) Mod-
els Created to Predict Procedure Time; (B) Estimates, in Minutes, for All ICD-
9-CM Principal Procedure-Secondary Procedure Interactions.

Table S7: Description of Procedure Group-Specific Models to Predict
30-Day Mortality.

Table S8: Definitions of ICD-9-CM Procedure Groups and Clusters.

Table S9: Definitions and Groupings of ICD-9-CM Secondary Proce-
dures.

Table S10: Sensitivity Analysis.



