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Purpose: To describe an approach wherein high-dimensional hospital data can be used to identify generalizable risk factors for 
surgical complications for which there may be limited prior knowledge, as illustrated in the context of hemostasis-related complica
tions (HRC).
Patients and Methods: This was a retrospective study of the Premier Healthcare Database. Patients included for the study 
underwent video-assisted thoracoscopic lobectomy (VATL), laparoscopic right colectomy (LRC), or laparoscopic sleeve gastrectomy 
(LSG) on an inpatient setting between Oct-2015 and Feb-2020 (first = index). The outcome, HRC, comprised hemorrhage, control of 
bleeding, and acute posthemorrhagic anemia. For each cohort, a high-dimensional dataset (ie, comprising 1000s of candidate risk 
factors) was constructed using taxonomies from the Clinical Classification Software Refined (CCSR). Candidate risk factors were fed 
into logistic regression models with a 70%/30% train/test split for each cohort; clinically plausible risk factors that were consistently 
significant predictors of HRC across the 3 training models were then used in a final parsimonious model including sex, age, race, and 
payor; finally, the parsimonious model was applied to the test data to compare predicted risk with observed incidence of HRSC.
Results: The study included 11,141 VATL, 20,156 LRC, and 121,547 LSG patients, in whom 7.5%, 7.8%, and 1.2% experienced 
HRSC, respectively. Ultimately, 6 clinically plausible CCSR categories were identified as being statistically significant predictors 
across all 3 cohorts (eg, coagulation and hemorrhagic disorders, malnutrition, alcohol-related disorders, among others). In the 
parsimonious model applied to the test data, the observed incidence of HRSC was substantially higher in the top quintile vs bottom 
quintile of predicted risk: LSG 2.05% vs 0.53%, LRC 13.30% vs 4.11%, VATS 12.49% vs 5.04%.
Conclusion: High-dimensional real-world data can be useful to identify risk factors for outcomes that generalize across multiple 
cohorts. The risk factors identified herein should be considered for inclusion in future studies of hemostasis-related complications.
Keywords: hemostasis, high-dimensional, real-world data, surgery, complications

Introduction
Surgical complications are a common outcome of interest in surgical epidemiology, particularly when comparing across 
alternative medical devices, surgical approaches, or specific procedures. Such complications, however, are often multi
factorial in their causes and may be difficult to predict.

Over the past decade, there has been a dramatic increase in the use of real-world data sources – such as electronic 
health records, hospital billing data, or administrative insurance claims data – to conduct research in the area of surgical 
epidemiology. Concurrently, advances have been made in the use of “high-dimensional” data techniques, which use the 
large amounts of clinical data in real-world databases to construct datasets with 1000s to >10,000s of variables. These 
data have in turn been incorporated into propensity score approaches, such as high-dimensional propensity scores and 
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large-scale propensity matching, as well as disease risk scores.1–3 These techniques all involve forms of prediction to 
generate a patient-specific estimated probability of either receiving a given treatment (propensity score) or experiencing 
a given outcome (disease risk score), typically through the use of logistic regression.

However, when applied in an individual research study, a given propensity or disease risk score’s model specification 
is not typically intended for future application in a patient-level predictive analytic setting for practical clinical decision- 
making. Accordingly, in the setting of a single study, dimensionality/shrinkage methods are often used to reduce high- 
dimensional data to a more circumscribed set of covariates that is particularly well suited for the specific cohort under 
study through methods such as principal component analysis, regularization, and other forms of covariate 
prioritization.4,5 However, both traditional (non-high-dimensional) and high-dimensional methods may be susceptible 
to overfitting, resulting in a list of covariates that may be most appropriate for the internal validity of the study at hand 
but perhaps with suboptimal generalizability more broadly.

Herein, we describe an approach wherein high-dimensional hospital data can be used to identify generalizable risk 
factors for surgical complications that may be considered for multiple future studies. Taking an approach in which we 
favor clinical face validity of risk factors over “black box” predictive analytics, we specifically search for risk factors for 
hemostasis-related complications, a difficult-to-predict outcome for which there is limited prior knowledge.

Materials and Methods
Data Source
We extracted the study data from the Premier Healthcare Database® (PHD), which is a population-based hospital 
database that contains clinical and administrative data routinely contributed by over 700 US hospitals that are members 
of the Premier healthcare performance improvement alliance, representing approximately 25% of annual US inpatient 
discharges.6 This database includes discharge-level information on patient demographics, diagnoses, procedures, medical 
supplies, costs, and hospital and provider characteristics. This information is provided in the form of standardized 
administrative fields, hospital charge master data, and International Classification of Diseases, 10th Revision, Clinical 
Modification and Procedure Classification System (ICD-10-CM/ICD-10-PCS) diagnosis and procedure codes. The PHD 
has been widely used for epidemiologic research, forming the basis of over 600 peer-reviewed publications since 2006.

We conducted this study under an exemption from Institutional Review Board oversight for US-based studies using 
de-identified healthcare records, as dictated by Title 45 Code of Federal Regulations (45 CFR 46.101(b)(4)).

Patient Selection
Using the PHD, we selected patients undergoing one of the three minimally invasive surgeries in which hemostasis- 
related complications have been studied as an outcome of particular interest: Video-Assisted Thoracoscopic Lobectomy 
(VATL), Laparoscopic Right Colectomy (LRC), or Laparoscopic Sleeve Gastrectomy (LSG). Eligible patients had an 
elective inpatient encounter carrying an ICD-10-PCS code for one of these procedures in the primary procedure position 
between Oct-2015 and Feb-2020 (first = index). To increase the homogeneity of the groups with respect to surgical 
approach, patients were excluded if they had a hospital charge master record, ICD-10-PCS, or Current Procedural 
Terminology code indicating the use of robotic assistance. Patients undergoing LSG were also required to have an ICD- 
10-CM diagnosis code related to obesity in the primary diagnosis position or a Medicare Severity Diagnosis Related 
Group related to obesity.

Measurement of High-Dimensional Dataset of Candidate Risk Factors
We focused our search for candidate risk factors for hemostasis-related complications solely on ICD-10-CM diagnosis 
codes that were designated as “present on admission” during index. That is, any diagnoses that were designated as “not 
present on admission” would represent acute circumstances that developed during index and would be inappropriate for 
inclusion in most, though not all, propensity or disease risk score applications; furthermore, such diagnoses could 
represent sequelae of hemostasis-related or other complications and therefore simply be the subject of reverse 
causation.
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For each of the three surgical groups, we began with a high-dimensional dataset of candidate risk factors comprising 
all eligible ICD-10-CM diagnosis codes recorded during index; this resulted in >5000 unique diagnosis codes across the 
surgical groups, many that were conceptually similar (eg, in the ICD-10-CM, type 2 diabetes [E11] has over 80 sub- 
codes). Therefore, to reduce the dimensionality of the data and improve the clinical interpretability and relevance of the 
individual features, we employed the Agency for Healthcare Research and Quality/Healthcare Cost and Utilization 
Project’s Clinical Classifications Software Refined (CCSR). The CCSR aggregates more than 70,000 ICD-10-CM 
diagnosis codes into over 530 clinically meaningful categories.7 Additional covariates included patient age, sex, race, 
and payer type (a correlate with socioeconomic status). Laboratory result, biometric, imaging, and other clinical data 
beyond diagnoses were either not available or only available for a subset of patients and therefore not used for this study.

Measurement of Hemostasis-Related Complications
The outcome of interest was intra- or post-operative hemostasis-related complications, defined as a composite of the 
following: intraoperative hemorrhage, intraoperative hematoma, postprocedural hemorrhage, postprocedural hematoma, 
postprocedural seroma, melena (LSG and LRC only), gastrointestinal hemorrhage (LSG and LRC only), hemorrhage not 
elsewhere classified, acute posthemorrhagic anemia, and control of bleeding. Control of bleeding was based on ICD-10- 
PCS procedure codes recorded during the index admission; all other components were identified via ICD-10-CM 
diagnosis codes that were not designated as “present on admission” during index recorded during the index admission.

Statistical Analyses
With an initial list of >500 CCSR categories, we further reduced the dimensionality of the dataset by retaining only those 
candidate risk factors that were present in at least 0.5% of each surgical group, resulting in the following numbers of 
candidate risk factors for the surgical groups: 122 for VATL, 121 for LRC, and 84 for LSG. Next, separately for each 
surgical group, we entered the candidate risk factors into a multivariable logistic regression model with a 70%/30% train/ 
test split. Risk factors that were consistently statistically significant predictors of hemostasis-related complications across 
the 3 surgical groups in the test data at a P-value ≤0.05 were evaluated by a group of surgeons external to the study team 
to determine clinical face validity/plausibility, to ensure the selection of clinically relevant predictors. Finally, the risk 
factors that passed screening for clinical face validity were included in a parsimonious model including patients’ sex, age, 
race, and payor type, which was used to quantify the collective ability of the identified risk factors to stratify patients by 
observed risk of hemostasis-related complications. As the purpose of this exercise was not purely to develop a predictive 
analytic model per-se, but rather to identify specific candidate risk factors, we did not use model-oriented measures of 
discriminative accuracy such as the area under the receiver operating curve for the parsimonious model.

Results
The study included 11,141 VATL, 20,156 LRC, and 121,547 LSG patients, in whom 7.5%, 7.8%, and 1.2% experienced 
HRSC, respectively. Ultimately, 6 clinically plausible CCSR categories were identified as being statistically significant 
(P<0.05) risk factors across all 3 surgical groups: coagulation/hemorrhagic disorders (CCSR code BLD006), cardiac 
dysrhythmias (CCSR code CIR017), gastrointestinal disorders (CCSR code DIG025), malnutrition (CCSR code 
END008), fluid/electrolyte disorders (CCSR code END011), and alcohol-related disorders (CCSR code MBD017). 
The gastrointestinal disorders grouping was driven primarily by diagnoses for peritoneal adhesions. Table 1 shows 
patient demographics and the prevalence of the 6 selected risk factors, stratified by those with vs without hemostasis- 
related complications during index.

Figure 1 shows the observed risk of hemostasis-related complications in each group by quintile of predicted risk 
based on the parsimonious model, thereby visually depicting the collective ability of the 6 selected risk factors (plus 
demographics) to stratify patients by risk. The observed risk of hemostasis-related complications was 2.2 to 3 times 
higher in the top quintile vs bottom quintile of predicted risk, illustrating the merit of these risk factors for consideration 
in future propensity or disease risk score models. Notably, the observed risk of hemostasis-related complications 
increased monotonically with increasing quintiles of predicted risk in the LRC and LSG surgical groups; however, it 
was uniform in quintiles 1–4 with a strong spike in quintile 5 for VATL.
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Discussion
We used multivariable analysis applied to high-dimensional data to search for risk factors for hemostasis-related 
complications, a difficult-to-predict outcome for which there is limited prior literature on risk factors. We identified 6 
risk factors with clinical face validity that we will consider in our future propensity and disease risk score models for 
studies in which hemostasis-related complications are an outcome.

With respect to the risk factors, coagulation/hemorrhagic disorders and alcohol-related disorders make intuitive sense as 
having an empirical association with increased risk of hemostasis-related complications. We hypothesize that the primary 
underlying mechanism by which cardiac dysrhythmias were associated with hemostasis-related complications is pharma
cotherapy with long-term oral anticoagulants to decrease the risk of stroke. As the Premier Healthcare Database does not 
have information on chronic medications, rather only those that are administered within the hospital, future research in other 
databases is needed to confirm our hypothesis. It is possible that malnutrition and fluid/electrolyte disorders may be 
associated with compromised tissue quality, leading to an increased risk of hemorrhage, but more so these conditions are 
very likely to increase the risk of acute post-hemorrhagic anemia, a component of our definition of hemostasis-related 

Table 1 Patient Characteristics and Final Selected Risk Factors for Hemostasis-Related Complications

VATL LRC LSG

Yes HRC No HRC Yes HRC No HRC Yes HRC No HRC

834 10,307 1576 18,580 1410 120,137

Female, % 59.1% 56.9% 57.3% 54.5% 78.7% 79.6%

Age, mean (SD) 67.0 (9.6) 67.8 (10.0) 65.5 (13.2) 69.0 (12.7) 47.3 (11.8) 43.9 (12.1)

Race, %

Black 7.3% 7.4% 10.4% 11.2% 23.9% 18.4%

White 85.2% 84.5% 80.4% 79.1% 62.6% 66.9%

Other 5.6% 6.7% 7.9% 7.9% 11.8% 12.4%

Unknown 1.8% 1.4% 1.3% 1.8% 1.7% 2.3%

Payer, %

Commercial 21.7% 25.2% 22.8% 34.9% 52.6% 59.6%

Medicare 69.5% 65.1% 69.7% 56.4% 22.7% 13.5%

Medicaid 5.2% 6.6% 4.4% 5.0% 19.4% 18.9%

Other 3.6% 3.1% 3.0% 3.7% 5.3% 8.0%

Final selected risk factors for HRC, %

Coagulation/hemorrhagic disorders (BLD006) 3.5% 1.8% 3.0% 1.4% 2.1% 0.9%

Cardiac dysrhythmias (CIR017) 15.2% 9.7% 16.1% 8.7% 4.6% 2.4%

Gastrointestinal disorders (DIG025) 6.5% 4.5% 17.8% 13.5% 13.0% 8.7%

Malnutrition (END008)* 5.4% 1.3% 3.7% 1.9% 0.3% 0.02%

Fluid/electrolyte disorders (END011) 7.1% 3.7% 8.4% 4.2% 5.2% 1.2%

Alcohol-related disorders (MBD017) 4.0% 1.8% 1.8% 0.9% 0.3% 0.1%

Notes: The codes in parentheses next to each risk factor are CCSR codes; *Though END008 was present in <0.5% of the LSG sample, it was present in >0.5% of the total 
sample and thus not eliminated via heuristic feature selection. 
Abbreviations: CCSR, Clinical Classification Software-Refined; HRSC, Hemostasis-Related Complications; LRC, Laparoscopic Right Colectomy; LSG, Laparoscopic Sleeve 
Gastrectomy; VATL, Video-Assisted Thoracoscopic Lobectomy.
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complications. Finally, the gastrointestinal disorders category was largely driven by diagnoses related to peritoneal adhe
sions, particularly in the LRC and LSG cohorts, which can complicate surgical resection in the gastrointestinal tract.

Prior research on risk factors for hemostasis-related complications in the areas of VATL, LRC, and LSG has primarily 
focused on post-operative bleeding. Using a variety of data sources, predictors, and research designs, some similarities in 
identified risk factors between the previous literature and the present study include anemia/hemophilia (LRC), nutritional 
disorders (LRC), general comorbidity (VATL), and anticoagulation (LSG).8–10

This analysis and approach are subject to limitations. First, although we applied the CCSR taxonomy to the initial 
high-dimensional dataset in order to reduce the dimensionality of the data and improve the clinical interpretability 
and relevance of the individual features, in doing so it is possible that one or only a few of the individual diagnoses 
that a specific CCSR category comprises could be the predominant driver of an association between a candidate risk 
factor and a given outcome. To mitigate this in the future, it would be possible to deconstruct a given CCSR category 
and test its constituent diagnosis codes; however, this would be done at the cost of time and efficiency. Second, we 
used the Premier Healthcare Database in this effort because it is the database that we most frequently use in our 
applied research within our research team; from a clinical risk factor standpoint one could argue that an electronic 
health record database with rich data on laboratory results, biometrics, and/or imaging could provide much deeper 
insights into risk factors; however, such features are unavailable within the Premier Healthcare Database and 
therefore nonfungible to research conducted in that database. Third, in our example, we relied on consistency in 
risk factor findings across the surgical groups as a form of external cross-validation; such an approach prioritizes risk 
factors that generalize across surgeries but could miss ones that are idiosyncratic to an individual procedure. Fourth, 
diagnoses recorded in real-world databases are subject to measurement error; for example, alcohol disorders may be 
underdiagnosed relative to their true prevalence – thus, cross-database differences in the sensitivity and positive 
predictive value of data capture for predictors may influence their database-specific magnitude of influence on risk. 

A B

C

Figure 1 Observed risk of hemostasis-related complications by quintile of predicted risk. <figures to be inserted stacked vertically as follows: VATL.pdf, LRC.pdf, LSG.pdf >. 
(A) VATL. (B) LRC. (C) LSG. 
Abbreviations: LRC, Laparoscopic Right Colectomy; LSG, Laparoscopic Sleeve Gastrectomy; VATL; Q1-Q5, quintiles 1–5; Video-Assisted Thoracoscopic Lobectomy.
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Finally, a key design decision that characterizes our approach was ensuring that all candidate risk factors based on 
diagnosis codes were designated as present on admission, to mitigate the risk of reverse causation. This “POA” 
indicator therefore is an important feature of the Premier Healthcare Database, but it is important to note that the 
POA designation is sometimes not available and sometimes not comprehensively populated in other real-world 
datasets. Despite these limitations, the consistency and face validity of the 6 identified risk factors suggests that there 
is merit in the approach we have described herein. Although the present study was based on findings across three 
different surgical procedures, future research in which hemostasis-related complications are studied in the context of 
other surgical procedures would be useful to corroborate the present study’s findings; furthermore, evaluating the 
utility of the CCSR relative to other diagnosis taxonomies in the ability to efficiently aggregate highly granular 
diagnosis data is needed.

Conclusion
High-dimensional real-world data can be useful to identify generalizable risk factors for surgical complications that may 
be considered for multiple future studies. Within the context of high-dimensional data reduction, we find that the CCSR 
software is a useful clinical tool to organize diagnoses into clinically meaningful candidate risk factors. The risk factors 
identified herein should be considered for inclusion in future studies of hemostasis-related complications.
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