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is to improve the quality of trauma care through
outcomes-based, risk-adjusted benchmarking of trauma
centers and feedback reports.15,18
The Trauma Quality Improvement Program measures
quality through comparative estimates and reporting of
mortality, complications, and resource use, after accounting
for differences in case mix and important confounders. The
Trauma Quality Improvement Program also seeks to
understand reasons for variability in trauma care, to learn
from high-performing hospitals, and to provide constructive feedback to participating trauma centers that will maximize health outcomes among trauma patients. Although
NSQIP has served as an example for TQIP with several
similarities, trauma patients and trauma care are distinct
from nontrauma surgical patients and their care.21 These
differences require a unique approach to risk-adjusted
benchmarking and measurement of quality in trauma.
Although previous publications have detailed the inception,
vision, and feasibility of TQIP,15,18 the methodology used
for risk adjustment and benchmarking have not been
reported.
The objective of this article is to detail the methodology,
data processing, data quality, statistical analysis, and
analytic rationale for TQIP. A group of experts in trauma
research methodology and statistical analysis (the TQIP
Analytics Project Team) was tasked with developing the
TQIP methodology, which forms the basis for this article.
In presenting the methodological framework and statistical
rationale behind TQIP, our goal is to provide transparency
about the process of risk-adjusted benchmarking of participating trauma centers.

Trauma systems and trauma centers have been shown to
improve outcomes among seriously injured adults1-8 and
children.9-13 Previous research also suggests that there is
variability in care between trauma centers.14-17 Differences
in patient selection (selection bias), case mix, data quality,
geography, and other factors inherent to different injured
populations likely contribute in part to this variability.
However, variability in the processes and quality of care
at different trauma centers can also contribute to
outcomes variations among hospitals.
In 2006, the American College of Surgeons (ACS)
Committee on Trauma launched the Trauma Quality
Improvement Program (TQIP) to study the variability in
outcomes between trauma centers and to use this information to improve the quality of trauma care in the United
States and Canada.18 The Trauma Quality Improvement
Program expands on a foundation of quality improvement
programs already conducted by the ACS, including the
NSQIP,19,20 performance improvement/patient safety,
and trauma center verification. The primary goal of TQIP
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Study design and setting
The Trauma Quality Improvement Program uses a retrospective cohort of trauma patients meeting specific inclusion criteria and cared for in designated and ACS-verified
Level I and II hospitals across the United States and
Canada. Trauma center participation in TQIP is voluntary, entails the use of existing trauma registry data conforming to specific standards, and requires an annual

1

ISSN 1072-7515/12/$36.00
http://dx.doi.org/10.1016/j.jamcollsurg.2012.08.017

2

Newgard et al

Trauma Quality Improvement Program Methods

Abbreviations and Acronyms

ACS
ED
IQR
ISS
LOS
O/E
TQIP

¼
¼
¼
¼
¼
¼
¼

American College of Surgeons
emergency department
interquartile range
Injury Severity Score
length of stay
observed to expected
Trauma Quality Improvement Program

fee to offset the costs of the program. In this publication,
we use information from the most recent TQIP database
available for analysis (patients admitted in 2010).
Currently, there are 143 participating trauma centers
(90 Level I hospitals and 53 Level II hospitals), with
the number increasing over time. Participating centers
represent a variety of regions, hospital types, and
geographic locations (Table 1).
Patient population and inclusion criteria
The Trauma Quality Improvement Program uses a broad,
heterogeneous group of seriously injured patients, with
focused assessment of several distinct subset populations
(Table 2). The aggregate TQIP sample includes adults
(age 16 years or older) with at least 1 valid trauma

Table 1. Hospital Characteristics for Participating Trauma
Quality Improvement Program Hospitals (n ¼ 131)
Hospital characteristics

Trauma Level
I
II
Bed size, n
<200
201400
401600
>600
Teaching type
University
Community teaching
Community nonteaching
Hospital type
For profit
Nonprofit
Region
Northeast
Midwest
South
West

n

%

85
46

65
35

6
36
41
48

5
27
31
37

65
54
12

50
41
9

9
122

7
93

17
44
40
30

13
34
31
23

Based on the number of participating centers with data available at the time
of this report.
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ICD-9-CM diagnosis code (800 to 959.9, excluding
diagnosis codes for late effects, superficial injuries, and
foreign bodies); blunt or penetrating mechanisms of
injury; Abbreviated Injury Scale (AIS) score 3 (Injury
Severity Score [ISS] 9); and non-missing values for
emergency department (ED) and hospital discharge
dispositions (Table 2). A pre-existing advanced directive
to withhold life-sustaining care is an exclusion criterion.
Due to variability among hospitals in classifying patients
as “dead on arrival,” TQIP mortality analyses are performed both including and excluding patients with an
ED discharge disposition of “died.” The Trauma Quality
Improvement Program reports also exclude elderly
patients (65 years or older) with an isolated hip fracture22;
however, these patients are included in elder-specific
reports.
The Trauma Quality Improvement Program specifies
several different cohorts to address different aspects of
trauma care. These groups include blunt multisystem
injury (AIS  3 in at least 2 body regions); penetrating
truncal injury (AIS  3 in the neck, chest or abdomen);
shock (systolic blood pressure [SBP] <90 mmHg); isolated traumatic brain injury; and elderly. These cohorts
were selected to focus performance and treatment efforts,
target distinct types of trauma patients with different
needs and management strategies, highlight injury populations with varying representation and experience among
centers, and to increase comparability among hospitals.
These groups also allow better evaluation of different
aspects of multidisciplinary care coordination, timing
and strategies of resuscitation, processes of care, expected
outcomes, and resource use.
For admissions occurring in 2010, TQIP includes
96,537 trauma patients, 19,586 blunt multisystem injury
patients, and 6,440 penetrating injury patients. When
assessed on a hospital level, the annual median patient
sample size and interquartile range (IQR) are 662 (IQR
409 to 887) total TQIP patients per hospital; 109
(IQR 64 to 194) blunt multisystem patients per hospital;
and 35 (IQR 16 to 66) penetrating injury patients per
hospital. There is no minimum sample size requirement
for a trauma center to participate in TQIP.
Outcomes measures
Primary outcomes include mortality (on arrival, in the ED,
and in-hospital), complications and resource use.23,24
Although in-hospital mortality is influenced by many
factors, it is a well-recognized outcome in trauma care, reliably captured in trauma registries and useful for TQIP. For
complications, TQIP has focused on addressing potentially
preventable events that cause disability, additional resource
use, and deviations from the expected clinical course after
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Table 2. Inclusion and Exclusion Criteria for Trauma Quality Improvement Program, Plus Criteria for Certain Subset Cohorts
Inclusion criteria
Age 16 y or older
At least 1 valid trauma ICD-9 code in the range of 800 to 959.9 (excluding late effects
(905909.9), superficial injuries (910924.9), and foreign bodies (930930.9)
Primary mechanism of injury classified as either blunt or penetrating:
Blunt is defined as an injury where the primary E-code is mapped to the following
categories: fall, machinery, motor vehicle traffic, pedestrian, cyclist, and struck by or
against
Penetrating is defined as an injury where the primary E-code is mapped to the
following categories: cut/pierce and firearm
Severely injured patients with at least one AIS 3 injury:
For blunt injuries: at least 1 injury in any of the following AIS body regions: head,
face, neck, thorax, abdomen, spine, or upper and lower extremity
For penetrating injuries: at least one AIS 3 injury in any of the following AIS body
regions: neck, thorax, and abdomen
Injury severity score 9
ED discharge disposition and hospital discharge disposition cannot both be unknown
Exclusion criteria
Comorbidity: pre-existing advanced directive to withhold life-sustaining interventions
Isolated hip fractures for patients 65 y or older with an injury with mechanism of fall is
defined as any traumatic injury with at least one of the following diagnosis codes:
851810.3 Femur, fracture, intertrochanteric
851812.3 Femur, fracture, neck
851818.3 Femur, fracture, subtrochanteric
and all other injuries in AIS body region ”external” (ie, bruise, abrasion, or laceration)
Elderly patients without isolated hip fractures Patients 65 y or older and without isolated hip fractures
Elderly patients with isolated hip fractures
Patients 65 y or older and with isolated hip fractures
Isolated traumatic brain injury patients
Patients met one of the following criteria:
AIS severity 4 for body region head and no other severe injuries in any other body
region
or
AIS severity 3 for body region head and initial Glasgow Coma Scale motor score in
ED 4 and no other severe injuries in any other body region
Shock patients
Patients with ED SBP of 90
AIS, Abbreviated Injury Scale; ED, emergency department; SBP, systolic blood pressure.

injury. Targeted complications include urinary tract infection, deep venous thrombosis, pulmonary embolism,
ventilator-associated pneumonia, central linerelated
bacteremia, renal failure, and surgical site infections.
Measures of resource use (eg, length of stay [LOS], duration ICU stay and ventilator days) were selected based on
feasibility of data capture, association with quality of
care, relation to other TQIP outcomes (eg, complications),
responsiveness to evidence-based practice guidelines, and
a direct relationship with cost.
Process of care metrics in specific target populations are
also used in TQIP to focus on particular quality issues in
trauma care. Examples include intracranial pressure monitoring in severe traumatic brain injury; operative timing
(eg, time to operative fixation in long-bone fractures);
placement and timing of tracheostomy; time to hemorrhage control; and venous thromboembolism prophylaxis.
Where possible, TQIP uses process metrics that exist in
published guidelines. In cases where outcomes-based
evidence is not strong (eg, tracheostomy placement),
TQIP reports the comparative practice patterns and timing

back to centers without specifying a particular quality
target. Even when not supported by evidence of improved
outcomes, comparative results allow centers to relate
their practices to those in other trauma centers. This
comparative assessment can be helpful in providing
insight for outlying hospitals and potentially explaining
other local findings (eg, complication rates, deviation
in LOS).
Data processing and data quality
Compilation of high-quality, reliable data is an integral
aspect of TQIP. The program capitalizes on existing
trauma registry infrastructure at trauma centers and
requires use of the National Trauma Data Standard to
assure consistent chart abstraction, data definitions, and
information source hierarchy. Due to large variability in
inclusion criteria among trauma registries,25 TQIP uses
an injury severity threshold (AIS 3) high enough that
all registries capture the target population.
There are several data quality assurance mechanisms in
TQIP to assure consistent, high-quality data collection.
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These mechanisms include training courses for trauma
registrars and data abstractors; monthly data quality
educational activities (eg, conference calls, quizzes, and
webinars); data logic checks; assessment of outlier values;
internal validation to verify the appropriateness and
completeness of data; and external validation of each
hospital’s data. External validation includes a site visit to
participating hospitals every 3 years to assess processes for
case identification, data abstraction, data entry, and data
quality (including re-abstraction of a random subset of
trauma charts). Site visits also provide an opportunity to
learn from individual centers, understand how TQIP reports
are used by hospitals, and develop strategies for improving
TQIP and the resulting quality improvement efforts.
The Trauma Quality Improvement Program also
generates separate data quality reports for each participating hospital to assure reliable, consistent, and accurate
data. These data quality reports contain comparative
assessments (ie, compared with other participating hospitals) of missing values, case ascertainment, application of
inclusion/exclusion criteria, data quality benchmarks, and
data fields with considerable variability in quality (eg,
comorbid conditions and complications). The data
quality reports also evaluate key data fields among prespecified subsets of patients (eg, ISS among patients that die
within 1 day of admission; complications among patients
with ISS >24 and LOS >1 day) intended to highlight
data quality issues.
Variables
Multiple data elements are captured for TQIP and considered in risk-adjustment models. These variables include
patient demographics, comorbid conditions, initial ED
physiology, ED disposition, transfer status, mechanism
of injury, ICD-9-CM diagnosis codes, procedures, AIS
scores, derived injury severity measures, LOS, ICU stay,
complications, and in-hospital mortality (Table 3).
Injury severity measures are a critical aspect of
describing, stratifying, analyzing, and risk-adjusting
trauma centers. Hospitals vary in how these measures are
captured and calculated. Some hospitals manually abstract
hospital records to code AIS values for individual injuries,
whereas others use an AIS mapping function that generates
AIS values from descriptive injury information. Other
hospitals do not directly capture any AIS values. Approximately half of TQIP centers use the AIS-98 format, and
the remainder use AIS-05 and older versions of AIS coding
(eg, AIS-90). To provide consistent injury severity coding
between hospitals, TQIP uses an algorithm to convert
AIS-90 codes and the more granular AIS-05 codes to
AIS-98 codes. For the few centers that do not provide
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Table 3. Variables Considered in Trauma Quality
Improvement Program Multivariable Models
Mortality model
Initial GCS motor score in ED
Initial systolic BP in ED
Initial pulse rate in ED
Mechanism of injury
Pedestrian/pedal: motor vehicle-pedal cyclist, motor
vehicle-pedestrian, pedal cyclist/other, pedestrian/other
Motor vehicle occupant and other motor vehicle related event
Motorcyclist
Fall
Struck by or against
Firearm
Cut/pierce
Other
Transfer status
Age
Gender
Race and ethnicity
AIS severity by individual body region (except for external)
Individual comorbidities
Heart disease
Cancer
Liver disease
Alcoholism
Smoking
Stroke
Diabetes
Hypertension
Renal disease
Impaired sensorium
Respiratory disease
Functional dependence
Bleeding disorder
Peripheral vascular disease
Steroid use (included if prevalence >2%)
Region (West, South, Midwest, Northeast)
Payment type
Derived variables
Injury Severity Score
ICD9-based Injury Severity Score
SWI (based on ICD9 injury codes)
Maximum AIS by body region
Lowest AIS ¼ lowest AIS score
Serious AIS ¼ maximum AIS 3 for specific body regions
Arrest SBP ¼ emergency department SBP 40 mmHg
Length of stay model
Same covariates noted above, plus complications
Cardiovascular (cardiac arrest with CPR, myocardial
infarction, stroke)
Surgical infections (organ/space surgical site infection, deep
surgical site infection, superficial surgical site infection,
and wound disruption)
Acute respiratory distress syndrome
Pulmonary embolism
Renal failure
Pneumonia
Sepsis
AIS, Abbreviated Injury Scale; ED, emergency department; SBP, systolic
blood pressure; SWI, Single Worst Injury.
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AIS codes or that code in a version older than AIS-90,
TQIP applies an ICD-9-CM to AIS-98 mapping algorithm to derive AIS codes (ICDmap 90, 1995 update;
Windows version, Johns Hopkins University, 1997).
Previous studies have validated software for mapping
administrative diagnosis codes to anatomic injury
scores.26-28
Once AIS scores have been generated for all TQIP
patients, an ISS is calculated from the AIS values. ICD9-CM diagnosis codes are also used to generate a separate
measure of injury severity, termed the ICD-9 Injury
Severity Score,29 which is calculated by first creating
survival risk ratios for every ICD-9 injury diagnosis in
a reference population. For patients in TQIP, the Single
Worst Injury ICD-9 Injury Severity Score is used for
modeling. The goal in generating injury severity measures
between hospitals is consistency in injury coding and
therefore comparability of results between institutions.
To improve consistency in injury scoring, TQIP is
working with participants to encourage and ultimately
require the use of AIS-05 formatting of injury scores,
with generation of survival risk ratios for all codes in
the AIS-05 lexicon.
Handling missing values
Missing values are frequently present in trauma registries.30-32 Although the simplest solution for handling
missing values is to restrict analyses to patients with
observed values (complete case analysis), this approach
can introduce bias, reduce sample size, and reduce study
power.30,33-38 Such an approach to handling missing data
is a recognized threat to quality improvement efforts and
trauma center benchmarking.31,39 A previous TQIP data
quality project compared hospital rankings of observedto-expected mortality with and without accounting for
missing data and found that approximately 20% of hospitals changed their rank (better or worse), depending on
how missing values were handled.40
To maximize the rigor and validity of TQIP reports,
we use multiple imputation41 to handle missing values.
Multiple imputation is an analytic method that uses
observed values to generate a range of plausible values
for each previously missing data point based on existing
correlations and relationships between variables.33,41 The
primary assumption required for multiple imputation is
that the mechanism of missingness is either “missing
completely at random” (missing values are independent
of observed and unobserved covariates) or “missing at
random” (missing values are not completely random,
but their mechanism can be explained by observed values
and is therefore “ignorable”).33,41 The result of multiple
imputation is multiple complete datasets with no missing
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values, each of which is analyzed independently using
standard parametric statistical methods. Results for each
multiply imputed dataset are combined using standardized rules to appropriately account for the variability
within and between datasets and, therefore, the uncertainty inherent in the imputation process.33,41
The TQIP imputation models include a group of
demographic, clinical, procedural, process, and outcome
measures. Variables in the models include age, sex,
comorbidities, transfer status, SBP, pulse, Glasgow
Coma Scale motor score, Single Worst Injury ICD-9
Injury Severity Score, and maximum AIS severity of
each body region. We use PROC MI (SAS v 9.3; SAS
Institute) for multiple imputation models, with Markov
Chain Monte Carlo methodology to specify multivariable
associations between all variables and to generate a posterior probability distribution from which to select the
imputed values. Previous research has described the validity of and modeling approach for using multiple imputation to handle missing physiologic data in the National
Trauma Data Bank.32,42 Several additional studies have
demonstrated the validity and rigor of multiple imputation for handling missing trauma data (prehospital and
in-hospital) under a variety of conditions and across
multiple trauma systems.30,38,43
Statistical analysis
In-hospital mortality
Providing valid risk-adjusted mortality estimates for trauma
center comparison and benchmarking is a central goal of
TQIP. Patient populations vary across hospitals by demographics, acuity, mechanism of injury, timing of presentation, and comorbidities. Methods are needed to account
for these differences. Multiple approaches to risk-adjusted
modeling were considered for TQIP, including logistic
regression, hierarchical models, generalized estimating
equations, Bayesian analysis, linear regression, and Poisson
regression. Although each of these approaches has certain
advantages, there were concerns that overly complicated
approaches to modeling would reduce the face validity
and interpretability of TQIP reports, and potentially create
analytic obstacles. For example, hierarchical and generalized
estimating equation models might be preferable to account
for correlated data (clustering), but fully accounting for
such clustering at the hospital level can inadvertently “adjust
away” some of the key inter-hospital process and outcomes
differences that are the focus of TQIP. Another example is
Bayesian analysis, which has advantages in increasing the
precision of hospital risk-adjusted estimates, but is not
compatible with multiple imputation. After evaluating the
merits and limitations of different types of models, we
selected multivariable logistic regression for the primary
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mortality model based on its face validity (widely recognizable and easily understood), generation of risk-adjusted estimates that preserve center-level differences as quality
targets, compatibility with multiple imputation and equivalent performance with less complexity for risk-adjusting
trauma care.
Several multivariable logistic regression models were
developed and tested before deciding on the final TQIP
risk-adjusted mortality model. The initial model was built
using all potential covariates and confounders (Table 4).
Continuous variables (eg, SBP and pulse) were entered
into the model separately as either continuous or categorical
(eg, SBP <90 mmHg) terms to allow for the best model
discrimination and fit and to keep the models parsimonious.
We also considered covariates for geographic region, availability of discharge options (eg, rehabilitation facilities,
skilled nursing facilities) and insurance status. Table 4 shows
a comparison of multivariable risk-adjusted mortality
models considered for TQIP using a sample of 18,444
patients. The final TQIP risk-adjustment mortality model
includes 18 variables and was selected based on goodnessof-fit, model discrimination, predicted vs observed mortality
across deciles of risk (Fig. 1), inclusion of important
confounders, and iterative model building techniques. The
goal was to create the most parsimonious model that maintained stable covariate point estimates (direction and

Table 4. Comparison of Multivariable Logistic Regression
Models for Risk-Adjusted Mortality in Trauma Quality
Improvement Program (n ¼ 18,444)
Model 1 Model 2 Model 3 (final)

Model type
Logistic
No. of variables
31
Model performance
Hosmer-Lemeshow
goodness-of-fit p value*
0.04
c-statisticy
0.90
AICz
7,945.2

Logistic
17

Logistic
18

0.08
0.90
7,940.9

0.09
0.90
7,935.6

Model 1 included age, sex, injury mechanism, transfer status, race, systolic
blood pressure (SBP), arrest SBP, Glasgow Coma Scale (GCS) motor score,
pulse, Single Worst Injury (SWI), head Abbreviated Injury Scale (AIS),
neck AIS, chest AIS, abdominal AIS, spine AIS, lower AIS, heart disease,
cancer, liver disease, alcohol, smoker, stroke, diabetes, hypertension, dialysis, impaired sensorium, obesity, respiratory disease, functional dependence, bleeding disorder, and peripheral vascular disease. Model 2 included
age, injury mechanism, transfer status, SBP, GCS motor score, pulse, SWI,
head AIS, lower AIS, heart disease, cancer, liver disease, hypertension,
dialysis, impaired sensorium, functional dependence, bleeding disorder, and
peripheral vascular disease. Model 3 included Model 2 þ arrest SBP.
*For the Hosmer-Lemeshow goodness of fit statistic, a p value >0.05
indicates better model fit.
y
The c-statistic ranges from 0 to 1, with higher values indicating better
model discrimination.
z
When comparing the fit of multiple models, a lower Akaike information
criterion (AIC) value indicates better model fit.
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Figure 1. Assessment of Trauma Quality Improvement Program
model performance (n ¼ 85,569).

magnitude of effect), statistical associations, and model
performance (described later). Because each cohort within
TQIP has unique features and different associations with
predictor variables, the models differ slightly among the
cohorts. However, the modeling strategy, variables considered in the models, and assessment of model performance
are the same across all cohorts.
Model performance
Model performance was an integral factor in selecting the
final models for TQIP. Performance metrics included the
Hosmer-Lemeshow goodness-of-fit statistic (calibration),
calibration curves, c-statistic (discrimination), and Akaike
information criterion value (to compare model fit and
composition across multiple models). After inclusion of
relevant covariates, a stepwise variable selection process
was used to generate the most parsimonious model, evaluate changes in confidence intervals, and examine shifts
in the magnitude and direction of point estimates. Risk
factors were “forced” into the risk-adjustment model if
they were considered important confounders for clinical
outcomes. Because no one metric can provide comprehensive information on model performance, all metrics were
examined throughout the process. As the HosmerLemeshow goodness-of-fit statistic can be overly sensitive
in identifying poorly fit models with large sample sizes,
we supplemented this statistic with calibration curves to
visually represent predicted vs observed events from the
regression model (Fig. 1). The c-statistic, a common tool
used to evaluate a model’s ability to discriminate between
patients with and without outcomes events (eg, deaths),44
was typically 85% for TQIP models. Akaike information
criterion values were used to compare the fit and composition of different TQIP models.
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Observed-to-expected ratios and the W-statistic
The W-statistic has been used to compare observed to expected deaths among injured patients. This practice
began with the Major Trauma Outcomes Study, in which
the Trauma and Injury Severity Score (TRISS) was used
to adjust for differences in case mix across centers.45 The
Trauma and Injury Severity Score provided probabilities
of survival at the patient level using relatively few variables for risk adjustment. The W-statistic was then calculated using the observed minus expected outcomes
differences to estimate the number of excess deaths (or
survivors) per 100 patients. Unfortunately, the regression
coefficients for TRISS were derived in the 1980s rather
than using outcomes associated with more contemporary
trauma care, and TRISS methodology has been questioned for trauma center benchmarking.46
Although the W-statistic can be estimated using TQIP
risk-adjustment models, we have elected to use the
observed-to-expected (O/E) ratio. The O/E ratio has its
foundations in the more generic standardized mortality
ratio used in other areas of medicine. Additionally, stakeholders from a wide variety of backgrounds have become
familiar with the O/E ratio through other quality
improvement programs, such as NSQIP. The O/E ratio
is calculated using the models described here to estimate
an expected outcomes “risk” (eg, probability of mortality
between 0 and 1) for each patient included in the sample,
adjusted for all covariates in the model. The expected
number of outcomes at a given trauma center is then
generated by summing all probability values for patients
treated at the hospital to provide a risk-adjusted estimate
for the number of expected outcomes events. The number
of actual (observed) outcomes is divided by the number
of expected outcome to yield the O/E ratio for each
participating hospital by year. Because the precision of
these estimates varies by sample size, patient characteristics, model performance and missing data, it is important
to also provide estimates of variance (confidence) for the
O/E ratios. For TQIP, 95% CI are calculated for the O/E
estimates using a Bernoulli distribution approximation
method for observed outcomes. A 90% CI is used in
certain analyses for cohorts with small sample sizes (eg,
penetrating injury cohort).
Length of stay
Similar models were developed to produce risk-adjusted
estimates for LOS as a measure of resource use. Risk
factors similar to those described for the mortality model
were considered in the LOS model (Table 3). Because
LOS can be affected by in-hospital mortality rates (eg,
a hospital with high in-hospital mortality may appear to
have low LOS), we opted to restrict LOS models to
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survivors for simplicity and clarity. Patients dying during
their stay represent a competitive risk, whereby death
“competes” with LOS by shortening the duration of
hospital stay. Also, LOS is a continuous (or count) variable with a non-normal, right-skewed distribution,
requiring consideration of a variety of model types, such
as linear regression (after normalization of LOS), Poisson,
negative binomial, and gamma distribution models. Due
to overdispersion of the data, TQIP currently uses a zerotruncated negative binomial model to predict LOS based
on the same predictor variables used in the mortality
model. The LOS model also includes the presence of
complications (eg, cardiovascular, surgical infections,
acute respiratory distress syndrome, pulmonary embolism, renal failure, pneumonia, and sepsis), payer type
and region (a surrogate for rehabilitation and skilled
nursing home availability). The proportion of patients
having “excess” LOS is calculated for each center, defined
as the proportion of patients with observed LOS 25%
greater than predicted or observed LOS in the 95%
ile. A 95% CI for the proportion of excess LOS for
each trauma center is calculated using Clopper-Pearson
methodology47 to compare LOS performance across
TQIP hospitals. The LOS models used for TQIP differ
by patient cohort, as fitting the distribution for LOS
changes substantially for different injured populations.
Generating accurate, risk-adjusted estimates for LOS in
an easy-to-understand format remains both a goal and
a challenge in TQIP. There are many factors that
contribute to variation in LOS, which leads to difficulty
in accurately modeling this term. The Trauma Quality
Improvement Program continues to explore different
models, modeling strategies, and additional covariates to
improve the LOS model predictability and fit, as well
as the value of TQIP reports.
Other outcomes models
Models are being developed for complications and additional measures of resources use, as well as for the different
subset cohorts. For these models, available sample size and
number of outcomes at each hospital are major factors in
determining model specifications, stability of the estimates, and statistical feasibility. As TQIP is a work in
progress, additional models and key subset cohorts will
continue to be refined based on feedback from participating hospitals and the need to address specific clinical
questions to maximize the quality of trauma care.
Presentation of results
One of the key goals in TQIP is to provide readily interpretable and informative comparisons of trauma center
performance. Initial TQIP reports used rank plots (also
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termed caterpillar plots),15 which provide a familiar and
somewhat traditional method for comparative “ranking”
of hospitals (Fig. 2A). However, these plots have important limitations, including a rank-order list that is not
necessarily meaningful (eg, in Fig. 2A, sites “I” through
“R” could be ranked 9th through 18th, but without statistical difference in rank); the resulting potential for misinterpretation; lack of hospital sample size information
(inability to compare outcomes among similar-volume
hospitals); and difficulty in differentiating hospitals that
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are close to outlier status. For these reasons, TQIP also
uses funnel plots (Fig. 2B). Funnel plots allow direct
assessment of trauma center volume, improved visual
assessment of outlier hospitals (high and low), elimination
of nonmeaningful hospital rankings, and easier identification of hospitals close to outlier status (eg, early recognition of quality issues that can prompt behavior change,
even if not yet statistically significant).48,49
There are differences when comparing the 2 strategies
for visual presentation of TQIP data, reflecting different

Figure 2. Visual depiction of risk-adjusted observed-to-expected mortality ratios for 25 randomly
selected trauma centers (from a sample of 85,569 patients treated in 113 trauma centers). (A)
Rank (caterpillar) plot. (B) Funnel plot.
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statistical techniques for assessing outlier hospitals and
handling variance. The rank plot (Fig. 2A) identifies 12
outlier hospitals at the 95% confidence level, and the funnel plot (Fig. 2B) identifies one outlier and one site close
to outlier status. In the funnel plot, hospital Y has a statistically higher than expected adjusted mortality rate (at
95% and 99% confidence levels). Other high outliers on
the rank plot are comparable with the other hospitals in
the funnel plot. Conversely, hospital C is close to the
95% CI line on the funnel plot (statistically close to low
mortality outlier status), although other low outliers
from the rank plot are within the range of error (variance)
in the funnel plot. These statistical methods are being
refined to produce consistent results that balance the
sensitivity for identifying outliers with an appropriate level
of confidence. The Trauma Quality Improvement
Program will continue to use both reporting formats
(rank plots and funnel plots), as participants have found
value in both types of figures for understanding their data.
Limitations
As with any data-driven quality improvement effort, the
value of TQIP is highly dependent on using high-quality
data and analytically sound methodology for generating
risk-adjusted estimates and benchmarking. The data quality
program and statistical methodologies were selected to meet
such specifications, although there are limitations to
consider. First, complete case ascertainment is critically
important to ensure that all eligible patients meeting the
TQIP inclusion criteria at a given trauma center are
included in the TQIP estimates and to minimize selection
bias. Complete ascertainment requires regular review of
ED and trauma patient logs for eligible patients and confirming the completeness of relevant trauma registry data
fields for inclusion criteria (eg, AIS scores). Although
capturing all eligible patients might seem straightforward,
some research suggests that key data fields can be systematically biased or missing in certain groups of high-risk
trauma patients (eg, inappropriately low ISS values in
patients with early death, where diagnostic testing or
autopsy were not completed).50 Next, the quality of data
from participating centers is crucial. Without high-quality
primary data collection at the hospital-level, subsequent
results can be biased. The Trauma Quality Improvement
Program has implemented a comprehensive data quality
program to maximize the likelihood of receiving highquality data, including data standards, quality assurance
mechanisms, and external data validation.
The use of multiple imputation requires that the mechanism of missingness is ignorable.33,41 Based on previous
studies evaluating the validity of multiple imputation
for trauma registry data, the National Trauma Data
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Bank, and other forms of trauma data,30,32,38,42,43 we
believe this assumption holds for TQIP. TQIP models
are based on available data fields to account for confounding and differences in case mix, however, there is the
potential that unmeasured confounding (bias) could alter
results. In addition, the timeliness of TQIP data and feedback reports has a lag time directly related to the receipt
of trauma registry data from sites.
Finally, the precision of TQIP estimates is highly
dependent on sample size, which can be low for certain
hospitals when evaluating highly selected populations
(eg, penetrating injury). This lack of precision might
suggest that a given hospital is providing care consistent
with that of other trauma centers, although estimates
with greater precision could suggest otherwise. We have
tried to develop statistical models that maximize statistical
efficiency and precision, although sample size will remain
a limitation in identifying certain outlier hospitals. The
ability to “drill down” in TQIP data to address specific
quality improvement questions might therefore be
limited by center-based sample sizes.
Potential applications and impact
There are several applications of TQIP reports and potential for impact. Although use of the TQIP reports will
likely differ between hospitals, this comparative feedback
should serve as a constructive tool to drive trauma quality
improvement efforts at the hospital level. The TQIP
results offer an opportunity to compare trauma center
outcomes and processes in a way that identifies aspects
of trauma center care that are working well vs those
that need attention. The TQIP reports have been likened
to “a warning light on the dashboard,” requiring individual sites to “look under the hood” at their own institutions to evaluate the nature of the problem and
potential solutions. Ideally, TQIP feedback reports will
reduce variability in trauma care, complications, unnecessarily long hospital stays, and improve survival. However,
realizing these goals will take time and effort.
Early feedback from participating hospitals suggests
that TQIP reports have already been used in a variety
of ways. Such applications have included strengthening
process improvement efforts, improving the quality of
registry data, increasing staffing levels, and targeting
specific types of trauma care (eg, elder care) where
comparison with peer centers suggested the need for
improvement. In some states, the cost of TQIP has
been borne to a large extent by a principal insurance payer
to improve the quality of hospital care. Although verification and state designation processes examine structure
and certain aspects of quality, these efforts do not
compare hospital-specific, risk-adjusted trauma outcomes
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between centers. The Trauma Quality Improvement
Program provides a direct feedback loop to trauma
centers about national risk-adjusted performance and
the opportunity to learn from high-performing centers
by sharing best practices. The Trauma Quality Improvement Program is not intended to be a punitive program,
but rather one that allows focused self-assessment at the
hospital level and data-driven decisions toward providing
higher-quality trauma care.

CONCLUSIONS
The Trauma Quality Improvement Program is a national
trauma quality improvement effort based on rigorous
analytic methodology for risk-adjusted benchmarking of
trauma centers. Case ascertainment, data quality, handling
of missing values, statistical modeling, model performance,
and presentation/feedback of TQIP results to participating
trauma centers is intended to maximize the usability and
impact of TQIP findings. The Trauma Quality Improvement Program offers the potential for significant impact
in reducing variability and improving the quality of care
among US and Canadian trauma centers.
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