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ABSTRACT

Rural healthcare is represented by approximately one-third of community hospitals in the
United States primarily in the Midwest and Western United States. Due to the lack of resources
and the demographic characteristics of rural populations, rural community hospitals are under
constant pressure to meet Center for Medicare & Medicaid Services (CMS) quality requirements.
Meeting CMS quality requirements is particularly challenging in surgical care, due to the lower
volumes and research opportunities, in addition to a shortage of qualified surgical specialists.
The perioperative surgical home (PSH) model was established as a health management concept
in a rural community hospital located in the Northwest of the United States to improve the
quality of care by providing a longitudinal approach to patient treatment. The main opportunities
for PSH improvement were identified in the “decision for surgery,” “preoperative,” and
“postoperative” stages of the PSH model.

To improve PSH clinic performance this thesis proposes an improved National Surgical
Quality Improvement Program (NSQIP) calculator User Interface (Ul), as well as a new
prediction model for predicting total joint arthroplasty (TJA) Length of Stay (LOS). The
improved layout of the NSQIP calculator was developed based on two approved surveys by card
sorting and Borda count methodology, while the new prediction model for predicting TIA
patients' LOS was based on the Decision Tree (DT) machine learning model. A usability study of
the NSQIP calculator Ul identified opportunities for future improvements, such as the
reorganized layout of postoperative complications and the addition of a supporting tool that
would clearly define postoperative complications. The new DT prediction model outperformed a
currently used NSQIP calculator in the prediction accuracy of TJA LOS, as it resulted in lower
Root-mean-Square-Error values. Furthermore, the structure of the DT model allowed better
interpretability of the decision-making process compared to the NSQIP calculator, which
increased the trust and reliability of the calculated prediction. Despite some limitations such as a
small sample size, this study provided valuable information for future improvements in rural
healthcare, that would enable Rural Community Hospitals to better predict future outcomes and
meet the strict CMS quality standard.
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CHAPTER ONE

INTRODUCTION TO RURAL HEALTHCARE

Specifics of Rural Healthcare

Rurality is an abstract concept commonly associated with rolling hills and farmlands by
the average American. However, the Census Bureau defines rural areas as any population,
residents, or territory not in an urban area [1]. Urbanized Areas (UAS) are defined as any area of
50,000 or more people, while Urban Clusters (UCs) are areas with at least 2,500 and less than
5,000 people [1]. An alternative way to define the rurality of an area is by Rural-Urban Commuting
Area (RUCA) Codes. RUCA codes are a census tract-based classification that uses standard census
measures of population density, levels of urbanization, and journey-to-work commuting to
characterize all U.S. census tracts with respect to their rural/urban status and commuting
relationship to other census tracts [2]. In RUCA, each tract is assigned a primary code depending

on the rural-urban characteristics (Table 1) [2].

Table 1. Rural-Urban Commuting Area (RUCA) code classification [2]

RUCA Code | Classification Description (split the table)

1 Metropolitan area core: primary flow within an urbanized area (UA)

2 Metropolitan area high commuting: primary flow 30% or more UA

3 Metropolitan area low commuting: primary flow 10% to 30% to a UA

4 Micropolitan area core: primary flow 30% or more to a large UC

5 Micropolitan high commuting: primary flow 30% or more to a large
Urban Cluster (UC)

6 Micropolitan low commuting: primary flow 10% to 30% to a large UC
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Table 1 Continued

RUCA Code | Classification Description (split the table)

7 Small town core: primary flow within an urban cluster of 2,500 to
9,999 (small UC)

8 Small town high commuting: primary flow 30% or more to a small UC

9 Small town low commuting: primary flow 10% to 30% to a small UC

10 Rural areas: primary flow to a tract outside a UA or UC

00 Not code: Census tract has zero population and no rural-urban
identifies information

According to the classification of rural counties based on their major economic base, the
following categories of rural areas have been established:

1) Agricultural counties — highly remote rural counties concentrated in the Northwest
central census region;

2) Manufacturing counties — rural counties mainly located in the Southeast and near
metropolitan areas;

3) Mining, oil, and energy counties — rural counties, such as coal-producing parts of
Appalachia and oil-producing parts of northern mountain regions, that are fairly remote from
metropolitan areas;

4) Counties specializing in governmental functions — rural counties spread throughout the
country and generally more urbanized;

5) Persistent poverty counties — rural counties concentrated in the Southeast and
considered highly rural areas with sparse populations;

6) Federal lands counties — rural counties, mainly in the West, with small, remote towns

and cities;
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7) Retirement community counties — rural counties in remote areas in California, Florida,
Michigan, and the Southwest [3].
The primary focus of this thesis is a rural community hospital (RCH) in the Northwest.
Community hospitals are all nonfederal, short-term general, and other special hospitals whose
facilities and services are available to the public [3]. Approximately one-third of the community
hospitals in the United States serve rural communities (Figure 1). Rural hospitals have an
average capacity of 86 beds, which is roughly one-third the capacity of urban hospitals with 252
beds [4]. Furthermore, almost half of the RCH are facilities with no more than 25 beds (Figure 1)

[4].

0% 3336

1805

20%

Proportion of Hospitals in the USA

10%

mUpto25 m26to50 = 51to100 101 or more
Urban Rural

Figure 1. Proportion of Community Hospitals in Urban and Rural areas (left); Classification of
Rural Community Hospitals based on bed number (right)

RCHs play a crucial role in the American healthcare system as it provides healthcare access for
Americans living in rural areas. The importance of rural healthcare facilities was recognized by
federal policymakers in the 1980s and 1990s, resulting in five special payment designations under
Medicare: Critical Access Hospitals (CAHs), Medicare Dependent Hospitals (MDHSs), Sole

Community Hospitals (SCHs), Essential Access Community Hospitals (EACH), and Rural
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Referral Centers (RRC) [5]. Rural hospitals provide approximately one-fifth of the major inpatient
services received by urban community hospitals [3]. Furthermore, rural community hospitals
provide the following services to patients: 1) General medical services; 2) Emergency medical
services; 3) Surgical services 4) Pediatric services; and 5) Obstetric and perinatal services [3].
Hospitals can be further classified based on the resources available in trauma centers into five
Trauma Levels. The Trauma Center designation is a process outlined and developed at a state or
local level based on the unique criteria defined by selected state municipalities [6]. A Level |
Trauma Center is a comprehensive regional resource that is capable of providing total care for
every aspect of injury, from prevention through rehabilitation, while a Level V Trauma Center
provides only initial evaluation, stabilization, and diagnostic medical services [6]. In certain states
with low population density, rural hospitals offer only Level 111 — Level V trauma facilities. This
means that if residents need Level | Trauma Care, they would need to leave the state to receive
adequate treatment [7].

There is a limited amount of research conducted on surgical services provided by rural
hospitals due to a lack of resources, qualified personnel, research centers, and funding [3].
Additionally, the lack of academic research involvement in rural hospitals was a common reason
for physicians to select careers in an urban environment, where they have more opportunities to
hone their specialized skills [8]. The greatest barrier of rural community hospitals is not in
materialistic resources (i.e., facilities, equipment. etc.), but in the lack of surgeons and other
supporting staff necessary for surgical procedures [3]. As a result, rural community hospitals are
often challenged to achieve the same level of quality and safety as urban centers [3]. Providing a

full range of quality medical services cost-effectively is a challenge that many RCHSs face
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regularly. Furthermore, since RCHs have a larger proportion of Medicare discharges per total
admissions than urban hospitals [3], RCHs must strictly follow the Medicare quality standards [9].
Risk prevention (i.e., hospital readmission, infections, etc.) is one of the main components of
quality of care highly emphasized by the Centers for Medicaid & Medicare Services (CMS) [10].
Because healthcare risk characteristics include complexity and potential harm to patients, it is
important to proactively manage healthcare failures [11]. To prevent healthcare-associated risks
from occurring, rural community hospitals use several strategies to implement effective quality
assurance programs, which include a consolidated quality assurance committee, collaborative

arrangements with other hospitals, and risk management for quality assurance mechanisms [3].

Thesis Framework

Chapter Two will review the literature on the implementation of process improvement
methodologies (Lean, Six Sigma, and Perioperative Surgical Home) in rural healthcare, define
methodological tools and techniques used in this thesis, and introduce the Perioperative Surgical
Home. Chapter Three will address the barriers of the NSQIP surgical calculator user interface,
which is a frequently used tool in the Perioperative Surgical Home. Chapter Four will propose a
new decision tree model as an alternative to the NSQIP calculator for predicting a patient's length
of stay in a rural community hospital. Finally, Chapter Five will discuss the thesis outcomes,

limitations, and future opportunities.

Thesis Goal and Objectives

The main goal of this thesis is to improve the services of a rural perioperative surgical home

“Decision for Surgery,” “Preoperative,” and “Postoperative” stages by addressing the usability
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barriers of the NSQIP risk calculator and proposing a new prediction model for hospital length of

stay after total arthroplasty (Figure 2)

User Experience

Create a user-friendly risk
model that enables shared
decision-making across
stakeholders and the
perioperative continuum

F 3

)
[ J

m Day — (+90)

Decision for Surgery Improve clinical

/ outcomes by applying

statistical predictive &
Figure 2. Conceptual model of Thesis framework

Preoperative

Prediction Model

prescriptive models

Objective 1: Analyze the usability of the NSQIP calculator’s user interface and users'
mental models of the displayed content.
This objective aimed to identify the optimal layout that matched users' mental models of the
content displayed on the NSQIP calculator user interface.
Hypothesis 1: It was hypothesized that the ranking of postoperative complications displayed on
the NSQIP calculator user interface would be inconsistent across different user types.
Expected Outcome 1: It was expected that expert and non-expert participants would
inconsistently group/rank postsurgical complications on an NSQIP calculator user interface

leading to a lack evidence-based of shared decision-making.
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Hypothesis 2: It was hypothesized that there is a lack of understanding of postsurgical
complications outputted by the NSQIP calculator among non-expert participants.

Expected Outcome 2: It was expected that a high deviation of ranking between expert and non-
expert participants would be observed among survey responses decreasing the usability of the

NSQIP calculator.

Objective 2: Compare the prediction accuracy of Total Joint Arthroplasty (TJA) Length
of Stay (LOS) between a custom decision tree model and NSQIP calculator for rural patients.
The purpose of this objective is to demonstrate how machine learning (i.e., custom DT) can
produce more accurate predictions with enhanced interpretability compared to the NSQIP
calculator.

Hypothesis 3: It was hypothesized that a decision tree (DT) prediction model would result in a
more accurate prediction of LOS compared to an NSQIP calculator.

Expected Outcome 3: It was expected that the DT model prediction would result in a lower Root
Mean Square Error (RMSE) value compared to the NSQIP leading to better surgical

optimization across the perioperative timespan.
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CHAPTER TWO

PROCESS IMPROVEMENT METHODOLOGIES IN HEALTHCARE

Implication of Lean and Six Sigma on the Surgical Environment

Finding a balance between safe, reliable, and competent care while simultaneously
improving the efficiency of processes and minimizing required resources is an ongoing challenge
for many healthcare organizations [12]. Operating room and surgical procedures account for a
large proportion of hospital operational expenses, providing many opportunities for system
improvements [13]. To address the system barriers, healthcare organizations advocate process
improvement methodologies to increase value, eliminate waste, and reduce costs as other
industries have done [14]. Two prominent methodologies are Lean and Six Sigma, which are often

combined into Lean Six Sigma [14].

The Lean Methodology

The Lean methodology was derived from the Toyota Production System, which enhances
manufacturing performance by delivering quality products and services and reducing waste [15].
Lean focuses on improving systematic customer value delivery in conjunction with optimizing
system performance [16]. Lean methodology classifies activities as value-added (VA) and non-
value-added (NVA) [15]. The VA activities are a product or service for which customers are
willing to pay, whereas NV A activities are those for which a customer would not be willing to pay
[16]. To reduce systematic inefficiencies in healthcare systems (i.e., increase VA activities, and
reduce NVA activities) Ohno [15] proposed the following seven wastes that were adapted to meet

healthcare needs: overproduction (e.g., re-coding the same information multiple times and
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ordering unnecessary investigations); waiting (for patients, theatre staff, results, prescriptions and
medicines, and discharge); transportation (patients, specimens and materials); overburden (stress,
overworked staff); inventory (excess stock); motion (unnecessary staff movement looking for

paperwork, supplies or people); and defects (readmission, repeated tests, and medical errors) [16].

The Six Sigma Methodology

Six Sigma is a quality improvement statistical technique that originated at Motorola [17]. The term
sigma (o) in the name Six Sigma, is a Greek letter used to describe variability, which represents
an indicator of how often the defects are likely to occur [18]. Six Sigma is a numerical parameter
used to identify process barriers, allowing process improvement teams to prioritize their work and
focus on the projects with the greatest opportunities [18]. Six Sigma engages senior leaders in
healthcare organizations and leverages dedicated resources for quality improvement projects often
targeted to patient care and financial performance [19].

System improvement methods like Lean and Six Sigma were associated with the following
strengths in complex healthcare systems [20]. First, Lean and Six Sigma objectively set out the
processes where investigators need to understand the problem and guide decision-making; second,
their processes are flexible and can be focused on improving a wide range of quality measures;
third, both methodologies provide a framework to identify potential problem areas; finally, Lean
and Six Sigma promote continual assessment and reassessment that allows adjustability and
flexibility on the changes of needs and resources longitudinally [20]. It is a common practice that
Lean and Six Sigma are used simultaneously in process improvement work. Where Lean
methodology uses a reiterative cycle of improvements focused on mapping out the process and

identifying VA and NV A activities, Six Sigma parameters complement the Lean methodology by
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identifying process steps with high levels of variability (i.e., the greatest opportunities for process
improvement) [20].

Lean and Six Sigma methodologies were implemented at multiple steps throughout the
research process. The main objective of the NSQIP calculator Ul study was to reduce the
variability of the user's mental model while using the NSQIP calculator. The desired outcome of
the study was to develop a standardized layout of postoperative complications that would reduce
non-value-added energy and time spent by the NSQIP calculator users, trying to identify the
severity of postoperative complications. Furthermore, the lean principles were utilized in the
methodological procedure of the NSQIP calculator usability study. Before extensive data
collection, a pilot survey was tested with five participants. The pilot survey resulted in more than
15 different grouping categories which would present a barrier in the data-analysis procedure. To
standardize the data-gathering process, the variability of potential grouping categories was reduced
by manually pre-selecting four severity categories.

Lean principles were implemented during the TJA patient's LOS prediction model
development. The objective of this study was not only to identify a prediction model that would
adequately predict patients' LOS but also to identify prediction variables with a significant impact
on LOS. By identifying variables with a large impact on hospital LOS (value-added variables),
clinicians will be able to better allocate their resources in the preoperative stage of the PSH model,
and consequently impact patient LOS. Six-sigma methodology principles were implemented in
evaluating the prediction accuracy of the decision tree model and NSQIP calculator. The desired
outcome of any regression prediction model is to minimize the Root-Mean-Square-Error (RMSE).

The RMSE is a key performance indicator that describes the variability (error/deviation) from the
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mean value. Aligned with the six-sigma methodology, minimization of the numerical variability

parameter in a process or prediction is a key to successful and sustainable outcomes.

Perioperative Surgical Home

Increasing costs combined with non-optimal healthcare outcomes led the Centers for
Medicare & Medicaid Services (CMS) to reconstruct payment methods. Specifically, 80% of all
CMS payments depend on value parameters, with the overall goal to mandate hospitals, groups,
and providers to decrease their expenses, and improve patient experience and clinical outcomes
[21]. In surgical care, a new delivery care model referred to as the Perioperative Surgical Home
(PSH) was developed by the American Society of Anesthesiologists (ASA) as an addition to the
Lean and Six Sigma methodologies to optimize operative services and procedural outcomes [21].
One of the most frequently used definitions of PSH was developed by the University of Alabama
at Birmingham, which described PSH as “An innovative, patient-centered, surgical continuity of
care model that incorporates shared decision-making” [22]. The overall goal of PSH is to target

the Institute for Healthcare Improvement (IHI) “Triple Aim” (Figure 3) [23].
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Figure 3. Institute for Healthcare Improvement “Triple Aim”

Conceptually, the PSH model aims to reduce the variability in perioperative care by having
one team led by an anesthesiologist communicate with other physicians in all aspects of surgical
care [24]. Anesthesiologists, who are uniquely integrated to manage complex care, have
demonstrated the ability to serve while coordinating other leadership functions including resource
allocation, staffing, scheduling, and accounting for patient care [21]. Coordinated care through
physician co-management is accomplished through effective communication, shared decision-
making, and standardized PAS processes [21]. Compared to a traditional surgical approach,
preoperative, intraoperative, postoperative, and post-discharge periods are treated as single

episodes. In this way, PSH assures a continuum of care rather than discrete episodes [24]. Post-
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surgical authorization is made, and patients enter the five-phase continuum process of PSH (Figure

4) [24].
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Figure 4 Perioperative Surgical Home Model [24]

The PSH clinic was implemented in a rural community hospital, a licensed Level-I1I
trauma center, that provides services primarily to three rural counties. The hospital service area
spans an area of 9,000 square miles and a population of 134,357 residents [25]. The PSH clinic
was successfully initiated, overcoming a lack of resources due to a strong team-based approach
among clinicians. The PSH clinic’s multidisciplinary team consisted of an anesthesiologist,
surgeon, registered nurse, physician assistant, hospitalist, and primary care physician. The
communication within the team was performed using in-person meetings and clinical notes.

Frequent and regular communication is a foundation for the co-management model used in the
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PSH clinic, which promotes joint responsibility to manage the healthcare of an individual patient

[26].

Total Joint Arthroplasty

Total joint arthroplasties (TJA) are the most common elective surgical procedures in the U.S. [27].
According to Stanford Medicine, the three most common types of TJA surgeries are hip replacement, knee
replacement, and shoulder replacement [28]. With the aging of the “baby boomers,” higher rates of
diagnosis, treatment of advanced arthritis, and growing demand for improved mobility and quality of life,
the annual volumes of TJA surgeries are expected to significantly increase [29]. The prevalence of total hip
and knee replacement in the US Northwest was greater than 1.20% for total hip replacement (THR), and
between 1.5% - 1.75% for total knee replacement (TKR) surgeries [29]. To facilitate this large demand, a
PSH in Northwest is utilizing the NSQIP prediction model, which enables better utilization of available

resources and consequently a better quality of care for TJA patients [30].

Introduction of the NSQIP Calculator

The NSQIP was launched by the Department of Veterans Affairs (VA) in 1994 and has
since expanded into the private sector through the efforts of the American College of Surgeons
(ACS) [31]. The NSQIP is the first nationally validated, outcome-based, risk-adjusted, peer-
controlled program for the measurement and enhancement of quality surgical care [31]. The
NSQIP database includes risk factors and outcome information on approximately 100,000 major
surgical procedures annually [31]. The overall purpose of the NSQIP database is to assess surgical
quality at more than 200 hospitals [32]. Furthermore, the database serves as a resource for surgeons

and researchers who want to research surgery-related topics [31].



15

The ACS used the NSQIP database to create a risk-predicting calculator [33]. The patient
cohorts supplying the database were collected from a teaching or academic affiliation and large
hospitals with a bed size exceeding 500 beds [34]. The NSQIP calculator is a tool that provides
accurate, patient-specific risk information to guide both surgical decision-making and informed
consent [35]. The NSQIP risk calculator is based on a logistic regression model that was developed
based on 1.4 million operative procedures performed in approximately 500 hospitals in the US
[32]. Logistic regression estimates the probability of an event occurring based on the given dataset
of independent variables, where the variable is bounded between 0 and 1. The strongest NSQIP
calculator predictor is a current procedural terminology (CPT) code, which allows the surgical risk
calculator to effectively make predictions for a wide range of operations [36]. The CPT code risk
adjusts for the operative procedure in the performance assessment (i.e., open-heart surgery will
result in greater risks compared to the Laparoscopy procedure) [37]. The risk calculator also uses
20 patient predictors (Table 2) with the CPT code to predict the likelihood of 18 (Table 3) patient
outcomes occurring within 30 days of surgery [35]. Additionally, the NSQIP database is constantly

updating, which directly impacts the NSQIP calculator outputs [38].

Table 2. NSQIP Calculator Inputs [35]

Independent Variable description
Variable
NSQIP Specific CPT Current Procedural Terminology (CPT) code is a
Variables | class medical terminology used to describe the type of
(Specific medical procedure[39]

Procedural

Terminology)

Class
Age Patient age in years

Gender Patient gender (male, female)




Table 2 Continued

16

Independent
Variable

Variable Description

NSQIP
Variables

Functional status
[35]

Functional status/level of self-care demonstrated by
the patient within the 30 days prior surgery
¢ Independent: The patient does not require
assistance from another person for any
activities of daily living. This includes a
person who is able to function independently
with prosthetics, equipment, or devices
o Partially dependent: The patient requires
some assistance from another person for
activities of daily living.
o Totally dependent: The patient requires total
assistance for all activities of daily living.

Emergency Case
[35]

The principal operative procedure must be
performed during the hospital admission for
diagnosis AND the surgeon and/or anesthesiologist
must report the case as emergent

Steroid use for
chronic
conditions [35]

Regular administration of oral or parenteral
corticosteroid medication or immunosuppressants for
a chronic medical condition, within the 30 days prior
to surgery, or at the time the patient is being
considered as a candidate for surgery. A one-time
pulse limited short course or a taper of fewer than 10
days duration would not qualify. Long-interval
injections of long-acting agents would qualify.

Ascites within 30

days prior to
surgery [35]

The presence of fluid accumulation in the peritoneal
cavity was noted on physical examination,
abdominal ultrasound, or abdominal CT/MRI within
30 days prior to surgery. Documentation must state
either active or history of liver disease or must state
secondary to malignancy.

Systematic sepsis

within 48 hours
prior to surgery
[35]

Any of the following occurring within 48 hours prior
to surgery:
e Systematic Inflammatory Response
Syndrome (SIRS)
e Sepsis
e Septic Shock

Ventilator
dependent

A patient requiring ventilator-assisted respiration at
any time during the 48 hours preceding surgery. This
does not include the treatment of sleep apnea with
CPAP
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Table 2 Continued
Independent Variable Description
Variable
NSQIP Disseminated The patient has primary cancer that has metastasized

Variables

cancer

to a major organ AND meets at least one of the
following:

e Active treatment for cancer within one year
of the surgery date. If the surgical procedure
is the treatment for metastatic cancer, answer
“Yes”.

e The patient has elected not to receive
treatment for the metastatic disease.

e The patient’s metastatic cancer has been
deemed untreatable.

Report the following cancers as Disseminated
Cancer: Acute Lymphocytic leukemia (ALL), Acute
Myelogenous Leukemia (AML), and Stage IV
Lymphoma.

Do not report the following as Disseminated Cancer:
Chronic Lymphocytic Leukemia (CLL), Chronic
Myelogenous Leukemia (CML), Stage | through 111
Lymphomas, or Multiple Myeloma

Congestive heart
failure in 30 days

prior to surgery

Only newly diagnosed CHF within the previous 30
days or a diagnosis of chronic CHF with signs or
symptoms of CHF in the 30 days prior to surgery
fulfills this definition

History of severe
COPD

Chronic obstructive pulmonary disease (COPD)
(such as emphysema and/or chronic bronchitis)
resulting in one or more of the following:

e Functional disability from COPD (for
example, dyspnea, inability to perform
ADLS)

e Hospitalization in the past for treatment of
COPD

e Chronic bronchodilator therapy with oral or
inhaled agents

e FEV1 of <75% of predicted

e Do not include patients whose only
pulmonary disease is asthma

e Do not include patients with diffuse
interstitial fibrosis or sarcoidosis
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Independent Deascription
variable
NSQIP Dialysis Acute or chronic renal failure requiring treatment
Variables with peritoneal dialysis, hemodialysis,
hemofiltration, hemodiafiltration, or ultrafiltration
within 2 weeks prior to surgery. If a patient requires
dialysis but refuses it, the answer to this variable will
be “Yes”
Acute renal A clinical condition associated with the rapid decline
failure of kidney function. The patient meets one of the
following:
e Increased BUN on two measurements AND
two Cr results > 3mg/dl
e The surgeon or physician has documented
Acute Renal Failure AND one of the
following:
o Increased BUN on two measurements
o Two Cr results > 3mg/dI
ASA Class e ASA 1: Normal healthy patient.

e ASA 2: Patient with the mild systematic
disease.

e ASA 3: Patient with the severe systematic
disease.

o ASA 4: Patient with a severe systematic
disease that is a constant threat to life

e ASA 5: Moribund patient who is not
expected to survive without the operation

Diabetes status

The individual requires daily dosages of exogenous
parenteral insulin or an oral hypoglycemic agent to
prevent hyperglycemia. A patient is not included if
diabetes is controlled by diet alone.

HT Medicine
(HT -
Hypertension
status)

The patient has a diagnosis of HTN in the medical
record and will require antihypertensive
medication(s) within 30 days prior to surgery

Dyspnea

The patient’s dyspnea status when they were in their
usual state of health, prior to the onset of the acute
illness, within the 30 days prior to the time the
patient is being considered a candidate for surgery
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(Total joint class)

Independent Description

variable
NSQIP Smoking status The patient smoked cigarettes in the year prior to
Variables admission for surgery. Patients who smoke cigars or

pipes or use chewing tobacco are not included

BMI A measure of weight adjusted for height (lb/ft) [40]
Additional | Distance Distance traveled to the Rural Community Hospital
variables (miles)

Duke Activity Duke Activity Status Index (DASI) developed to

Status Index measure patient overall functional capacity (points

(DASI) scale 0-52.8) [41]

Education: Education:

TJ class The Total Joint Replacement (TJR) class covers pre-

and postsurgical information to educate patients and
reduce his/her level of fear and concern before
surgery [42]

Household Status

Patient primary living status (lives alone, living with
another) [43]

Zip Code Zip codes are spatially based, hierarchical codes that

(primary) allow postal service to route and deliver mail [44]

Insurance A policy that pays for patients’ treatment expanses
[45]

Income Patients’ household income (annual income in $)

[30]

Pre-operative
duration

The duration between first preoperative visit to the
hospital and the day of the surgery (days)

Table 3. NSQIP Calculator Outputs

Postoperative Definition

Complication

Serious Cardiac arrest, myocardial infarction, pneumonia, progressive
Complication renal insufficiency, acute renal failure, PE, DVT, return to the

operating room, deep incisional SSI, organ space SSI, systematic
sepsis, unplanned intubation, UITI, wound disruption [35]

Any Complication

Superficial incisional SSI, deep incisional SSI, organ space SSI,
wound disruption, pneumonia, unplanned intubation, PE, DVT,
ventilator > 48 hours, progressive renal insufficiency, acute renal
failure, UTI, stroke, cardiac arrest, myocardial infarction, return
to the operating room, systemic sepsis [35]

Pneumonia

Includes cardiac arrest or myocardial infarction [35]
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Table 3 Continued
Postoperative Definition
Complication
e Cardiac arrest: The absence of cardiac rhythm or the
presence of a chaotic cardiac rhythm requiring the
initiation of CPR, which includes chest compressions
e Myocardial infarction: ECG changes, new elevation in
troponin, or physician diagnosis
Cardiac Cardiac complications are defined as cardiac death, pump
Complication failure (Killip grade > 1), sustained ventricular
tachycardia on fibrillation (SVT/VF), and advanced
atrioventricular block (AVB) [46]
Surgical Site Includes superficial incisional SSI, deep incisional SSI, or organ

Infection (SSI)

space SSI [35]

o Superficial Incisional SSI: Infection that involves only
skin or subcutaneous tissue of the incision. It also includes
either: purulent drainage, positive culture, signs/symptoms
of infection, and an incision that is deliberately opened by
the surgeon or diagnosis by the attending physician.

e Deep Incisional SSI: Infection that appears to be related to
the operation and involves deep soft tissues (for example,
fascial and muscle layers) of the incision. It also includes
either purulent drainage, spontaneous dehiscence,
deliberate opening by the surgeon, abscess involving the
deep incision, or diagnosis by the attending physician.

e Organ Space SSI: Infection that involves any part of the
anatomy (for example, organs or spaces), other than the
incision, which was opened or manipulated during an
operation. It also includes either: purulent drainage,
positive culture, absence, or diagnosis by the attending
physician

Urinary Tract

Bladder infection is diagnosed using a combination of clinical

Infection symptoms and laboratory confirmation (e.g., urine culture, pyuria,
positive dipstick) or the initiation of appropriate antimicrobial
therapy [35]

Venous The identification of a new thrombus within the venous system is

Thromboembolism

described in studies as present in the superficial or deep venous
systems but requires therapy.

This diagnosis is confirmed by duplex, venogram, CT scan, or
other imaging modality, AND the patient requires treatment with
anticoagulation therapy and/or placement of a vena cave filter or
clipping of the vena cava [35]
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Postoperative
Complication

Definition

Renal Failure

Includes either progressive renal insufficiency OR acute renal
failure requiring dialysis [35]

e Progressive renal insufficiency: a rise in creatinine of > 2
mg/dl from preoperative value, but with no requirement
for dialysis.

Acute renal failure requiring dialysis: A patient who did not
require dialysis preoperatively, worsening of renal dysfunction
postoperatively requiring hemodialysis, peritoneal dialysis,
hemofiltration, hemodiafiltration, or ultrafiltration.

)
c
7

e Prolonged Postoperative NPO or NGT Use: Prolonged
NPO status or NGT use for suctioning or decompression,
more than 3 days postop (PODA4, or later) OR reinsertion
of NGT or reinstating NPO status any time PODA4 or later
within 30 days [35]

Anastomotic Leak

There was a leak of endoluminal contents through an
anastomosis. This could include air, fluid, Gl contents, or contrast
material. The presence of an infection/abscess thought to be
related to an anastomosis, even if the leak cannot be definitively
identified as visualized during an operation, or by contrast,
extravasation would still be considered an anastomotic leak if this
is indicated by the surgeon [35]

Readmission Readmission rate as a marker of the quality of hospital care it is
defined as “the number of patients who experienced unintended,
acute readmission or death within 30-days of discharge from the
index admission, divided by the total number of patients
discharged alive within the reference period’ [47]

Return to OR Return to the operating room for additional surgery that was not
planned at the time of the initial surgery [35]

Death Human death is the irreversible loss of functioning of the

organism as a whole [48]

Discharge to

Nursing or Rehab

Facility

Includes discharge to one of the following facilities [35]:

e A skilled care facility that was not home previously (sub-
acute hospital, skilled nursing home/facility, transitional
care unit, long term care facility, or ventilator bed

e Anunskilled care facility that was not home previously
(unskilled nursing home or assisted facility)

e Rehab (inpatient rehabilitation facility including
rehabilitation distinct part units of a hospital)

Separate acute care facility
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Postoperative Definition
Complication

Sepsis Is the systematic inflammatory response to infection [49]
Length of Stay The LOS is defined as the number of days an in-patient will remain in
(LOS) hospital [50]

User Interface

The user interface (Ul) is the point of human-computer interaction and communication
allowing users to work with machines in a diverse set of industries [51]. The role of Ul architects
is to develop processes, organization, and artifacts that facilitate users' mental models and
interaction with the product (i.e., NSQIP calculator) without constraining the product for a
particular group of users (i.e., novice users, colorblind, etc.) [52]. The quality of the Ul is most
frequently evaluated with 10 usability guidelines (i.e., heuristic assessment) developed by Jakob
Nielsen: 1) Visibility of System; 2) Match Between System and the Real World; 3) User Control
and Freedom; 4) Consistency and Standards; 5) Error Prevention; 6) Recognition Rather than
Recall; 7) Flexibility, and Efficiency of Use; 8) Aesthetic and Minimalistic Design; 9) Help User
Recognize, Diagnose, and Recover from Errors; and 10) Help and Document [53]. The advantage
of Jacob Nielsen's heuristic evaluation is the small number of evaluators required to evaluate Ul
[53]. Contrary, the disadvantage of this method is that all Ul evaluators need to be highly educated
and experienced in their area of expertise to successfully evaluate the Ul [53].

An alternative approach to evaluate Uls is to capture feedback from product users. A
frequently used technique to capture and organize users' feedback on the Ul is card sorting [54].
As the name implies, the card-sorting method consists of concepts (cards), that participants sort

into piles based on their similarities. After the cards are sorted into piles, the groups are labeled
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with the name that best describes the commonalities of the concepts in the group. In open card
sorting, there is no restriction on the number and type of categories, while in closed card sorting
there already exists pre-selected categories [55]. Due to the simplicity of use, focus on the subject’s
terminology (rather than that of external experts), and ability to capture tacit knowledge a card
sorting methodology was selected as a primary data-gathering and grouping technique in this
usability study [56]

The Borda Count (BC) methodology is a frequently used tool to rank and prioritize
displayed content with a small number of participants (i.e., n<30) [57]. Let i represent the decision
criteria and j the decision alternative. Criteria weights (wi) and standardized criteria values (aij) are
used to calculate a total weighted score for each decision alternative as follows (Eq. 1):

Ci =Xy wiay; Eqg. 1

The ajj represents each ij" combination, while wi indicates a weight (power) associated
with it decision criteria (i.e., Lowest ranked category will have a wi=1; the highest ranked category
will have a wi=n) [56]. In other words, the most desirable alternative is multiplied by the total
number of alternatives (n), while the least desirable alternative is multiplied by 1 [57]. The
alternative with the highest score is ranked as number one, while the alternative with the lowest
score is ranked as last [57]. Due to the multiple decision criteria, and multiple decision makers
(i.e., study participants with different levels of expertise) involved in this study, the BC method

was selected as an optimal tool to rank participants' responses [56].

Machine Learning

Interpretability of the NSQIP calculator user interface is not the only limitation of the

calculator when used in rural healthcare. For the past two decades, big data (i.e., a massive amount
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of information) has become a topic of special interest in the healthcare industry [58]. Various
sources of big data including hospital records, medical records of patients, and results of medical
examinations, are all used to improve medical services and increase the quality of care [58]. Big
data is frequently used for developing prediction models, which serve as an important resource at
various stages of hospital care [30]. On the flip side, there are various barriers associated with
handling big data which could only be surpassed with high-end computing algorithms for
analyzing big data [58]. The NSQIP calculator predictions are based on a logistic regression model,
which has proven to be less optimal for predicting healthcare outcomes compared to modern
machine learning (ML) models [30]. As the name implies, ML models learn rules from the data,
by sifting through a vast number of variables, looking for a combination that reliably predicts
outcomes [59]. An advantage of ML models compared to regression models is the capability to
handle enormous numbers of predictors and combine them in nonlinear interactive ways, which
enables analyzing complex datasets [59].

Electronic data collection of medical records allows healthcare facilities to apply ML
models to develop prediction of clinical outcomes. ML models require an adequate amount of data
to calculate robust accurate prediction models [59]. As a result, ongoing research primarily focuses
on applying ML models in urban healthcare facilities which possess more resources compared to
rural hospitals [30]. Dr. Sridhar is one of the first researchers who implemented an ML model in a
Rural clinical setting. A Random Forest (RF) model was used to predict TJA patient LOS. Study
outcomes indicated that the RF model calculated a more accurate prediction of LOS compared to

the NSQIP calculator [30]. Our work builds on the top of Dr. Sridhar, where we developed a
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custom-made decision tree model for predicting TJA patient LOS in the Rural Community
Hospital.

A Decision Tree (DT) is a visual and analytical ML model, where each non-leaf node
denotes a test on an attribute, and each branch indicates a result of a test [60]. Due to the
interpretable and hierarchical structure of a DT model, it is one of the most used ML methodologies
[60]. By testing the accuracy of a DT model prediction of a TJA patient's LOS, we expanded Dr.
Sridhar's work, exploring if even the basic and highly interpretable ML model such as DT can still
provide more accurate prediction outcomes compared to the NSQIP calculator.

Another specific component of this study was the application of the NSQIP calculator to
rural healthcare. The NSQIP calculator is based on data collected from 200 major hospitals around
the United States [32]. Patients living in urban areas with major hospital facilities (i.e., supplying
the NSQIP database) significantly differ from the patients living in rural areas [61]. To address
this barrier and improve patient care in rural healthcare that would better fit the needs of their

residents, a new prediction model for predicting patient Length of Stay (LOS) was developed.
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Abstract

The National Surgical Quality Improvement Program (NSQIP) calculator is a risk-
predicting calculator, that predicts the likelihood of postoperative complications. Card sorting
methodology was used to capture feedback from expert and non-expert participants regarding the
severity of surgical complications. The study result indicated ambiguity of postoperative
complications. To overcome this barrier, a proposed order of postoperative complications was

developed based on the Borda count ranking performed by surgeons.

Introduction

Individualized surgical risk prediction methods have become an important tool to support
shared decision-making in surgical procedures [62]. Surgical risk-predicting calculators can
predict the likelihood of risk for several postoperative complications based on the information
entered including procedure types and individual patient factors, such as demographic
characteristics and comorbidities [63]. One of the most frequently used surgical risk-predicting
methods is the American College of Surgeons National Surgical Quality Improvement Program
(NSQIP) Surgical Risk calculator, which became the gold standard for estimating the likelihood
of postoperative risks [35]. The NSQIP calculator uses twenty different predictors, to calculate
the likelihood of 18 different outcomes/complications within the 30-day postoperative period
[35]. The calculator’s predicted outcomes are displayed via a user interface (UI) in no specific
order such as rank or risk severity [35]. For example, a male, 65-74 years of age with XXX and

XX has XXX and YYY (Figure 5).
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The Ul is the point of human-computer interaction and communication particularly in
complex and technical fields that interact with a diverse set of knowledge and novice users [51].
According to the Seeheim model [64], the UI consists of three functional blocks, “Presentation,”
“Dialogue Control,” and “Application Interface”. The focus of this case study was to evaluate
and understand the NSQIP’s presentation system because it could be challenging for someone
with no medical background to prioritize the importance of the NSQIP calculator outputs.

A common technique used to capture and organize users' feedback on the presentation
part of Ul is the card sorting technique [54]. Card sorting is a data-gathering technique, that
facilitates the systematic organization of content, features, and functions to discover an optimal

organization of information on the Ul [55].

Procedure: 27130 - Arthroplasty, acetabular and proximal femoral prosthetic replacement (total hip
arthroplasty)

). with or without autograft or allograft

Risk Factors: 65-74 years, Partially dependent functional status, ASA Severe systemic disease, Sepsis,
Diabetes (Oral), Smoker, Over Weight

Outcomes €) Your Average Chance of
Risk Risk utcom

Serious Complication . o Outcome
8.2% 3.3% Above Average

Any Complication
9.6% 3.9% Above Average

Pneumonia
1.0% 0.2% Above Average

Cardiac Complication
0.6% 0.2% Above Average

Surgical Site Infection
1.3% 1.0% Above Average

Urinary Tract Infection
0.9% 0.6% Above Average

Thromb bali
1.0% 0.5% Above Average
Renal Failure 0.3% 0.1% Above Average
Rsadmission 7.7% 29% Above Average
Return to OR 3.0% 15%  Above Average
Death 0.8% 01%  Above Average
Pischarge to Nursing or Rehab Facility 51.4% 8.4% Above Average
Sepsis 0.0% 0.2% Below Average
[ Predicted Length of Hospital Stay: 5.5 days

Figure 5. NSQIP Calculator User Interface, Output
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The decision-making method Borda Count (BC) is also a commonly used tool to rank and
organize feedback for Ul display [57]. The BC methodology is based on multiplying an “n”
number of alternatives, where the most desirable alternative is multiplied by (n), the second most
desired alternative is multiplied by (n-1), and the least desired alternative is multiplied by (1) [57].
Furthermore, BC was identified as one of the safest and optimal systems to conduct this ranking
process compared with other ranking techniques [65].

This study was conducted in a rural healthcare environment to evaluate the usability of the
Ul components of the NSQIP calculator output. This study’s primary aim was to identify the
ranking importance of postoperative complications displayed on the NSQIP calculator Ul. A
secondary aim was to identify the public/patient understanding of postoperative complications. It
was hypothesized that there is a significant disparity in the organization and grouping of

postoperative complications between different user groups of the NSQIP calculator.

Literature Review

Several studies addressed the problem of unclear understanding and lack of public
education on some of the postoperative complications displayed by the NSQIP calculator [66]—-
[69]. Mackenzie argued that there is a lack of understanding of the definition and classification of
pneumonia in public and scientific circles [66]. Ahmed et al. identified that 43.8% of study
participants had a bad understanding of cardiac complications [67]. Based on the current literature,
both urinary tract infection (UTI) and surgical site infection (SSI) were recognized as two
complications that lack public understanding and awareness [70]. Furthermore, sepsis was
recognized as the least familiar type of infection amongst adult Americans with ~88% of study

participants never heard of the term Sepsis [68]. Finally, in a study conducted on evaluating global
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public awareness of Venous Thromboembolism (VTE), the authors identified that the general
understanding of VTE in public was low [69]. Accordingly, this study focused on 16 postoperative

complications displayed in the NSQIP output [35] (Table 4).

Table 4. Definition of postoperative complications

Postoperative

complication

Definition

Serious Complication

Cardiac arrest, myocardial infarction, pneumonia, progressive renal
insufficiency, acute renal failure, PE, DVT, return to the operating
room, deep incisional SSI, organ space SSI, systematic sepsis,
unplanned intubation, UTI, wound disruption.

Any Complication

Superficial incisional SSI, deep incisional SSI, organ space SSl,
wound disruption, pneumonia, unplanned intubation, ventilator > 48
hours, progressive renal insufficiency, UTI, stroke.

Pneumonia

Includes cardiac arrest or myocardial infarction.

Cardiac Complication

Cardiac death, pump failure (Killip grade > Il), sustained ventricular
tachycardia on fibrillation (SVT/VF), and advanced atrioventricular
block [46]

Surgical Site Infection

(E81)]

Includes superficial incisional SSI, deep incisional SSI, or organ
space SSI.

Urinary Tract Infection

Bladder infection is diagnosed using a combination of clinical
symptoms and laboratory confirmation or the initiation of
appropriate antimicrobial therapy.

Venous

Thromboembolism

Present in the superficial or deep venous systems but requires
therapy. Confirmed by imaging modality. A patient requires
treatment with anticoagulation therapy and/or placement of a vena
cave filter or clipping of the vena cava.

Renal Failure Includes either progressive renal insufficiency OR acute renal failure
requiring dialysis
leus Prolonged Postoperative NPO or NGT use.

Anastomotic Leak

A leak of endoluminal contents through an anastomosis. This could
include air, fluid, GI contents, or contrast material.

Readmission

The number of patients who experienced unintended, acute
readmission within 30-days of discharge [47]

Return to OR

Return to the operating room for additional surgery that was not
planned at the time of the initial surgery.

Death

Human death is the irreversible loss of functioning of the organism.
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Postoperative Definition

complication

Discharge to Nursing or | Includes discharge to one of the following facilities: A skilled care

Rehab Facility facility, nursing home/facility, an unskilled care facility, rehab
Separate acute care facility
Sepsis Systematic inflammatory response to infection [49]

The card sorting technique was frequently discussed among usability practitioners for
software development [71], [72]. In his study, Fuccella, highlighted the ability of card sorting to
identify a discrepancy in the website, software interface, or multimedia product, and to identify
areas of potential improvements for existing and future users [71].

Nielsen added to the existing work of Fuccella, by proposing a second round of groupings
into larger groups (i.e., group similar piles generated in the first stage into second-level headings,
but not continue to the third-level grouping) [73]. Additionally, Nielsen did not recommend
advanced statistical analysis for card sorting results but suggested data review to determine
categories manually using a qualitative approach with up to 10 study participants [73].

Borda count (BC) was also a recurrent research topic in the last decade [74], [75]. Mula et.
all used the BC methodology to identify and rank the most frequently used mobile functions that
become a target for usability improvements in smartphone devices [74]. The authors concluded
that the BC is an effective methodology when selecting alternatives requiring usability
improvements, as it helped identify the priority and ranking of importance between alternatives

[74].
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Methods

Pilot Study

The open card sorting pilot survey was distributed to two experts (i.e., people who work in
healthcare) and two non-expert participants (i.e., people who do not work in healthcare). Two
specific NSQIP calculator outputs were provided to study participants, who were asked to group
the postoperative complications based on their severity (i.e., open card sorting). The study resulted
in diverse outcomes which indicated that more standardization needed to be implemented in the

card sorting procedure that would allow further statistical analysis.

Main Study

Based on the pilot study outcomes, finalized surveys were developed to capture feedback
from expert and non-expert study participants. Two separate surveys consisted of 5 demographic
questions, one closed card-sorting question, and two content-specific questions. Study participants
were asked to group 16 postoperative complications in the four pre-set card sorting categories
developed in alignment with the Failure Mode and Effect Analysis (FMEA) severity classification
[76]. The postoperative complications were classified into Catastrophic Severity, Major Severity,
Moderate Severity, and Minor Severity groups, where the most severe postoperative complications
were grouped in the Catastrophic Severity category [76]. Next, participants were asked to rank
postoperative complications within each category in ascending order (i.e., Most severe
complication = 1). Finally, the participants were asked to select any postoperative complications
whose meaning is unclear to the public with no medical experience. The expert and not-expert

surveys differed in two demographic and one survey-specific question. Both surveys were
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institutionally reviewed by the Institutional Review Board (IRB) [77] and developed in Qualtrics

software [78], distributed to study participants by printed QR codes and emails.

Data Analysis

Data analysis was similar for expert and non-expert participants, except that non-expert
participants were further classified into five categories based on the levels of familiarity with
postoperative complications (Very High; High; Moderate; Low; and Very Low) [79]. The
grouping of postoperative complications into four pre-set categories was completed by the level
of participant familiarity and overall, where the severity category with the most votes was selected
as a primary option. The BC ranking was performed on the survey results of all non-expert (i.e.,

no grouping by expertise) and expert participants.

Results

Pilot Study

A pilot study conducted on two experts, and two non-expert participants (open card
sorting) resulted in 13 different severity categories. As a result of that, four pre-set categories
were developed according to FMEA guidelines in an actual survey, to allow post-survey data

analysis.

Participant Demographics

A non-expert survey was conducted on 30 (47%) male and 34 (53%) female participants
(n=64). When asked about their level of familiarity with postoperative complications, four (6%)
participants had a very high level of familiarity, five (8%) participants had a high level, 19 (30%)

participants had a moderate level, 28 (44%) participants had a low level, and eight (13%)
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participants had a very low level of familiarity. Additionally, 60 (94%) patients had never heard
about the NSQIP calculator, and 57 (89%) participants were unfamiliar with at least one
postoperative complication displayed on the NSQIP calculator user interface.

The expert participants consisted of one surgeon, one clinician, five nurses, a certified
nursing assistant (CNA), a medical administrator, and a medicine student. Excluding the student,
all experts had five or more years of professional experience. Seven expert participants were
females (70%), and three expert participants were males (30%). Four experts (40%) were familiar
with the NSQIP calculator, while six participants (60%) were unfamiliar with the NSQIP

calculator.

Grouping

Two out of 16 postoperative complications (13%) were categorized equally between all
medical experts and non-experts (Table 5). Surgeons and non-expert grouping were consistent for
11 out of 16 complications (69%); surgeons and clinicians grouping was consistent for 10 out of
16 complications (63%); surgeons and nurses grouping was consistent for 5 out of 16
complications (31%); surgeons and students grouping were consistent for 10 out of 11
complications (63%), and surgeons and administrators were consistent for 6 out of 16
complications (38%). The postoperative complications “Return to OR” and “Death” were
complications with the most consistent groupings among experts and non-experts. Postoperative
complications with the least consistent grouping were “Pneumonia” and “Colectomy Anastomotic

Leak.”
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Table 5. Grouping of postoperative complications group

x=Surgeons (n=1); ; X=Nurses & CNA (n=5);
x=Students (n=1); o=Non-experts (n=64)
Complications Catastrophic Major Moderate Minor
Serious complication X X X0
Any complication X X0 X X
Pneumonia X0 X X
Cardiac complication XX0 X
Surgical site infection XX0 X
Urinary Tract Infection X XX X0
Venous XX X0 X
Thromboembolism
Renal failure X0 X X
Readmission XX X0 X
Return to OR XXX X0
Colectomy X X0 X
Anastomotic Leak
Colectomy lleus X0 X X X
Death XXX X0
Discharge to Nursing or X XX X0
rehab Facility
Sepsis XXXO0
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x=Surgeons (n=1); ; X=Nurses & CNA (n=5);

x=Students (n=1); o=Non-experts (n=64)

Complications Catastrophic Major Moderate Minor
Extended Length of XX 0 X

Hospital Stay

There were 16 (100%) postoperative complications identified as unfamiliar by non-experts,
and 14 (78%) postoperative complications identified as confusing for patients by experts. The
experts and non-experts were consistent in the selection of the top three most unfamiliar
postoperative complications (Figure 6). Colectomy Anastomotic Leak was the most unfamiliar
complication for non-experts (n=51, 80%), followed by Colectomy lleus (n=48, 75%), Venous
Thromboembolism (n=36, 56%) and Renal Failure (n=19, 30%). Venous Thromboembolism was
the most frequently selected complication by experts (n=10, 50%), followed by Colectomy

Anastomotic Leak (n=3, 40%), Renal Failure (n=4, 40%), and Cardiac Complications (n=4, 40%).
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Figure 6. Ranking of unfamiliar complications

Discussion

The study results support the stated hypothesis, that there were significant disparities in the
organization and grouping of postoperative complications between different user groups of the
NSQIP calculator. Since the goal of this study was to identify the optimal grouping and ranking of
postoperative complications, the ranking, and grouping developed by surgeons was considered as
“optimal”. Unexpectedly, the highest match in grouping results was between surgeons and non-
experts (69%). The low match in grouping between surgeons and other healthcare employees
(nurses (31%), students (63%), clinicians (63%), etc.) addresses two potential problems of the
NSQIP surgical calculator. First, very loosely defined pre-surgical complications allow NSQIP

calculator users to self-interpret the exact meaning of complications. Challenges of
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overgeneralized terms and definitions were addressed by Fowler et. al, who conducted a study to
identify how unclear terms impact the outcomes of survey results [80]. According to Fowler,
unclearly defined terms are likely to produce biased estimates, and systematic error [80], which
was observed in this study.

When expert and non-expert participants were asked to select any postoperative
complications, whose understanding could be unclear to the public, experts selected 14 out of 16
complications (87.5%), and non-experts selected 16 out of 16 complications (100%).

To accommodate for a lack of understanding, this study proposed the following layout of
postoperative complications in a rank/risk-ordered manner that meets both expert and non-expert
users' preferences (Table 6). This new proposed layout of postsurgical complications on the NSQIP
user interface provides consistency for the risk of severe complications like death, sepsis, and
colectomy anastomotic leak. Where colectomy ileus, urinary tract infection, and discharge to a
nursing or rehabilitation facility were located at the bottom of the screen. Furthermore, as a
response to the lack of understanding of postoperative complications (Figure 6), and the
inconsistency in the ranking (Table 6) additional supporting resources (i.e., an information icon
that would allow users to inform themselves about the true meaning of each surgical complication)
should be added to the NSQIP calculator user interface next to displayed postoperative

complications.

Table 6. Borda Count ranking of postoperative complications.
Complications Surgeon Nurses | Non-experts

Death 1 1 1

Sepsis 1 4 4
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Complications Surgeon Nurses | Non-experts

Colectomy Anastomotic

Leak 3 8 7
Serious Complication 4 2 5
Cardiac Complication 5 3 2
Venous Thromboembolism 6 11 6
Return to OR 7 6 8
Renal Failure 8 5 3
Pneumonia 9 9 9
Surgical Site Infection 10 7 10
Readmission 11 12 12

Extended Length of Hospital

Stay 12 14 15
Any Complication 13 16 13
Colectomy Ileus 14 10 11
Urinary Tract Infection 15 13 16

Discharge to Nursing or

Rehab Facility 16 15 15

Inconsistent postoperative complications grouping results were identified between non-
expert users. Zeinab et all. (2016) conducted a study to identify barriers to the implementation of
enhanced postoperative recovery [81]. The study identified a lack of patient understanding of
health literacy as a challenge that leads to patient noncompliance with recommended care [81].

To overcome this barrier, this study recommends that a new NSQIP calculator Ul includes a
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“clearer” definition of postoperative complications that would allow all types of non-experts to
understand displayed content.

A major shortcoming of this case study is the small sample size of expert participants.
We believe this study could be improved by surveying a large sample of expert participants.
However, since the study was conducted in rural healthcare, where staffing resources are
constrained [82], a satisfactory amount of data was analyzed, resulting in valid and transparent
conclusions about the current situation.

It is recommended that future researchers expand this study to non-rural healthcare
settings with a larger sample population. By doing so, different angles of postoperative
understanding could be captured that would provide additional recommendations for NSQIP

calculator user interface improvements.

Conclusion

The purpose of this case study was to provide a recommendation for the improvement of
the NSQIP calculator user interface, by identifying an optimal order of postoperative
complications. Expert and non-expert responses indicated that there is a high level of ambiguity
regarding the importance and understanding of postsurgical complications. To overcome the
barriers of ambiguity and lack of understanding of health literacy, this case study proposed a new
order of postoperative complications on the NSQIP user interface, that was developed by surgeons.
Furthermore, this study recommended the addition of a “clear” definition/explanation next to each
complication. The major limitation of this study was a small dataset, because of rural healthcare
settings. To provide a more robust conclusion, future research should replicate this study in an

urban healthcare setting, to capture a larger sample size and provide more robust outcomes.
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Abstract

Predicted inpatient length of stay (LOS) after total joint arthroplasty (TJA) is important
information that sets the expectation for the post-surgical recovery period, which helps hospital
management plan, and manage surgical resources as efficiently as possible. In this study, the
accuracy of prediction models for predicting patients’ LOS in a rural community hospital was
conducted in the Northwest United States of America. Data were collected from 181 patients for
hip, knee, and shoulder surgeries. A decision tree (DT) prediction model was compared with the
National Surgical Quality Improvement Program (NSQIP) calculator for predicting the LOS of
TJA. The DT model (RMSE = 0.67) provided a more accurate LOS prediction than the NSQIP
calculator (RMSE = 1.18). Furthermore, a greater level of interpretability of the decision-making

process makes the DT model very applicable in “high stakes” environments like healthcare.

Keywords— Decision tree, NSQIP calculator, length of stay, rural healthcare,
perioperative surgical home

Introduction

Total joint arthroplasty (TJA) is one of the most performed elective surgical procedures in
the United States of America (USA) [27], [83]. The volume of primary and revised TJAs has
dramatically risen over the past decades, to the extent that TJA procedures become relevant to the
current political debate regarding cost containment in the American healthcare system [27]. The
three most common types of TJA surgeries are hip replacement, knee replacement, and shoulder

replacement [28]. The TJA procedures are frequent procedures in the state of Montana, with a
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higher prevalence percentage for total hip replacement (THR) and total knee replacement (TKR)
procedures compared to the national average [29].

The state of Montana is the 4™ largest state by square miles in the USA [84], with a
population density of 7.4 persons per square mile [84]. As a result of the small population density
in the state, there is no operating Level | Trauma care system to support advanced surgical
procedures [85]. This study was conducted in a local, rural community hospital and a newly
implemented Perioperative Surgical Home (PSH) with a Level 1l Trauma care system [7]. The
PSH is defined by the American Society of Anesthesiologists as “a patient-centered and physician-
led multidisciplinary and team-based system of coordinated care that guides the patient throughout
the entire surgical experience” [24]. A common tool used by the PSH is the American College of
Surgeons — National Surgical Quality Improvement Program (ACS-NSQIP) Surgical Risk
predicting calculator [30]. The ACS-NSQIP calculator is a tool that provides patient-specific risk
information to guide both surgical decision-making and informed consent [38]. The NSQIP risk
calculator was based on the logistic regression model that was developed based on 1.4 million
operations performed in over 500 hospitals in the US [38]. One of the predicted outcomes of the
ACS-NSQIP risk calculator is also a length of stay (LOS) [38] along with 13 major complications
including morbidity and mortality [35]. LOS is one of the most standard performance measures in
healthcare, highly related to the likelihood of mortality, the resources used, and morbidity [86].

The increasing availability of electronic health data presents an opportunity for assessing
healthcare services [87]. To successfully process and compute complex datasets, Machine learning
(ML), the study of tools and methods for identifying data patterns [87] was proposed as an

alternative approach for predicting patients’ LOS [30]. A decision tree (DT) is a visual and
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analytical tool in an ML category, primarily used to obtain knowledge in the form of a tree (i.e.,
flow chart-like structure), where each non-leaf node denotes a test on an attribute, and each branch
indicates an output of the test [60]. Due to its hierarchical structure of nodes and branches [60],
the DT prediction model was evaluated as an alternative model for predicting LOS in frontier and
rural healthcare.

This study builds on the work of Sridhar, Whitaker, Mouat-Hunter, and McCrory (2022),
where the authors developed a complex ML random forest (RF) model for predicting TJA patients’
LOS in rural community hospitals [30]. To better fit the needs of the clinical setting, a highly
interpretable DT model for predicting TJA patients’ LOS in rural community hospitals was
developed as an alternative to the complex RF model. It was hypothesized that the new DT
prediction model would result in a more accurate prediction of LOS (i.e., lower Root Mean Square

Error (RMSE) value) and better fit the needs of frontier and rural health systems.

Literature Review

Studies on predicting patients' LOS were recurrent in the current literature [60]. Bacchi, et
al. (2020) conducted a review study on the application of ML for the prediction of total hospital
inpatient LOS for medical patients [88]. Out of 21 case studies, 10 of them examined LOS in
specific medical patient populations, 8 studies were conducted on inpatients in their respective
medical centers, and 3 studies included patients with acute kidney injuries, intensive care
admission, and elective admission [88]. The study review resulted in variation in ML performance
in predicting patients’ LOS, primarily due to inconsistent methodological approaches [88].

A study with positive results was conducted on predicting LOS by using ML tools for

patients after joint replacement surgeries in a rural community hospital [30]. The objective of the
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study was to develop an RF model to predict LOS for total joint replacement procedures in rural
community hospitals, that would outperform the publicly available NSQIP calculator [30]. Study
results have proven the initial hypothesis, that the RF model outperformed the NSQIP calculator
for predicting patient LOS in a rural community hospital [30].

After evaluating the current literature on the performance of the ACS-NSQIP Surgical Risk
calculator, mixed outcomes have been identified [38], [89]-[92]. Burgess, Smith, Britt, Weireter,
and Polk (2017) conducted a study on the ACS-NSQIP calculator predictions for acute care
surgery patients, where they identified that the calculator provided surgeons and patients with an
objective assessment of the patient’s risk factors including LOS [91]. Contrary, the ACS-NSQIP
calculator has proven to be an inadequate model for predicting patients’ LOS in patients with major
Head and Neck surgeries [92], in patients undergoing Free Flap Reconstruction [90], and for
patients undergoing Elective Spine Surgery [89]. Furthermore, Carr, Mears, Barns, and Stambough
(2021) performed a study on predicting LOS after the TJA procedure, where they found that actual

LOS was significantly shorter than that predicted by the ACS-NSQIP calculator [38].

Methods

Patient Population

The cohort consisted of a rural community hospital with patients undergoing 20 different
surgical procedures during the study period of June 6%, 2020, to May 17", 2022. Out of the 321
included patients, 138 of them were excluded from the dataset as they did not undergo a TJA
procedure (44%). The final dataset included 181 patients with hip (n=83, 46%), knee (n=84, 46%),

or shoulder (n=14, 8%) procedures.
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Dataset

The original dataset consisted of 30 independent variables (e.g., age, gender,
comorbidities) and one dependent variable (LOS). 20 independent variables (n=181) were
included in the data analysis. Additionally, four independent variables were re-coded into two
variables. Specifically, patients' weight and gender were used to calculate a body mass index
(BMI), the pre-surgical period was calculated as the duration between the day of admission (DOA)
and the day of surgery (DOS). Of the 18 remaining independent variables, 2 were continuous and

16 were categorical.

Missing Values

There were missing values in the original dataset (n=181). Unbalanced data sets can cause
negative effects on the performance of ML algorithms like DT [93]. None of the variables had
more than 50% of missing values, so no variables were excluded entirely from the dataset [60].
Second, if a continuous variable had less than 12% of missing values, the missing values were
replaced by the mean value of that variable [60]. Furthermore, if the variable was categorical, the

mode value replaced the missing value [60].

Training and Test Dataset

After cleaning and recoding the data, 181 completed records were extracted and obtained
for data mining. Data were separated into training and testing datasets to allow an accurate
evaluation of the prediction model [60]. Based on similar studies [30], [94], the data were randomly
split at an 80% - 20% ratio to training (n = 144) and testing (n = 37) datasets, respectively.
Additionally, the DT model and corresponding prediction models were developed in R computer

language, using the Recursive Partitioning and Regression Trees (rpart) package [95].
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Model Building

First, patients’ LOS was converted from days to hours in the train and test dataset [30].
Next, the regression DT model for predicting patients’ LOS was developed on the training dataset
(Initial model). To eliminate the nonpredictive parts causing model overfitting, a “pruning”
technique was performed on the Initial model [96]. The model pruning was executed by cross-
validation procedure, where the optimal model size corresponded to the complexity parameter (cp)
with the smallest cross-validation error [97]. The second regression DT model was developed with
optimal cp on the training dataset (Final model). The Final model was then used to develop a
prediction of LOS on the test dataset. Finally, to allow direct comparison with the NSQIP
prediction model, the Final model predictions of LOS and test dataset were converted back from

hours to half-day (12-hour) intervals.

NSOQIP Calculations

Demographic information of 37 patients in the test dataset was inserted into the NSQIP

calculator, which calculated the predicted LOS in half-day (12-hour) intervals.

Model Validation

The statistical validity of the prediction models was tested by using the two-sided t-test at

(a £0.05). Next, the prediction models’ goodness-of-fit was tested by the Root-Mean-Square Error

(RMSE), the Mean Absolute Error (MAE) [98], and the Mean Absolute Percentage Error (MAPE)

[99]. The RMSE, MAE, and MAPE behave like a cost function (i.e., the lower the value, the better the

model is performing) [30].
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Results

Statistical Analysis

First, descriptive statistical analyses on the train and test datasets were performed. Train
and test datasets were similarly represented in all variables. Most patients were females (63%),
and most patients belonged to the age group between 65-74 (43%). A large proportion of patients
had Mild Systematic Diseases [100] (67%), and a high percentage of patients listed Medicare as
their primary insurance (68%). There was very little difference in the Duke Activity Status Index
(DASI) [101] between the train and test datasets. The average LOS was larger in train datasets
compared to the test dataset, but because the difference was less than a half day (7 hours) no
extreme values were excluded from the training dataset. Additionally, there were no patients with
partially dependent functional status, insulin prescriptions, or dyspnea diagnosis identified in the
test dataset. However, since patients with these conditions represented a very small proportion of
the entire dataset (n=181), 2%, 1.5%, and 1.5% respectively, the test dataset was still an adequate

tool to evaluate prediction model performance.

Decision Tree

The Initial regression DT model developed from the training dataset resulted in the DT
diagram with 6 chance nodes and 8 end nodes. The DASI was the most significant variable in the
DT model. Additionally, Zip Code and Income had a variable importance index of around 10 and
contributed to the DT model as well. To identify the optimal DT model, a model pruning technique
was implemented [102]. The optimal complexity parameter (cp) value was identified from cross-
validation error versus the cp value and tree size plot. The cross-validation error was minimized at

the cp value 0.0416 and the size of the tree was equal to two, as could be seen in Figure 7.
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Figure 7. The cross-validation error versus cp value and tree size plot

A Final DT model that can be seen in Figure 8 was built on the training dataset, including
an optimal cp value (cp =0.0416). According to the model, 55% of patients with an average LOS
equal to 32 hours had a DASI index greater or equal to 5.1, and an annual income greater or equal
to $49,000. 38% of patients with an average LOS equal to 45 hours had a DASI index greater or
equal to 5.1 and an annual income of less than $49,000. Finally, 7% of patients with an average

LOS equal to 82 hours had a DASI index of less than 5.1.
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Figure 8. Final DT model diagram: The color intensity corresponds to the predicted LOS (Darker
the color, the longer the LOS [103])

The DASI index was the most significant variable in the Final DT model (Figure 9). Zip
Code, Income, and Functional Status had a variable importance index of approximately 10 and
contributed to the DT model as well. Furthermore, independent variables not listed in Figure 9,
resulted in a variable importance index of less than 1 (i.e., no significant contribution to the Final

model).
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Figure 9. Final DT Model variable importance index (%) vs. independent variables

Model Validation

Predictions developed by the Initial DT model, Final DT model, and NSQIP calculator
were compared with the patient’s actual LOS and evaluated with RMSE, MAE, MAPE, and two-
sided t-tests. Predictions developed by all tree models satisfied the 95% level of significance (Table
7). All three models resulted in a MAPE value of approximately 5%. Finally, the Final DT model
outperformed all other models in both RMSE and MAE performance measures, while the NSQIP

model produced the least desirable results for both RMSE and MAE.

Table 7 Prediction models validation results

Model validation RMSE MAE MAPE t statistic (dof = 36), p-value
Initial Model Prediction 18.24 14.64 5% 48.528, 0.05

Final Model Prediction = 16.08 12.96 5% 99.024, <0.00

NSQIP Model 28.32 24 5% 195.36, <0.00

Prediction
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Initial and Final DT models’ prediction outputs resulted in a mean LOS value of 39.12
hours and 42.48 hours respectively, which was relatively close to the Actual LOS with the
corresponding mean value of 33.36 hours (Figure 10). The NSQIP prediction of LOS deviated

from the other three values, with the LOS equal to 56.16 hours.
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Discussion

Preliminary Findings

The decision Tree model resulted in a more accurate prediction of patients’ LOS than the
NSQIP calculator, as it outperformed the NSQIP calculator in two out of three goodness-of-fit
performance indicators (Table 7). Based on the RMSE, the optimal ML performance measure for
predicting LOS [30], the DT model (RMSE = 16.08) outperformed the NSQIP calculator (RMSE
= 28.32).

The difference in the quality of prediction between DT and NSQIP models can be
explained by the following factors. First, the DT model was based on the dataset (n=144) of
patients in frontier areas, while the NSQIP calculator was based on the data from over five million
surgeries performed at 885 hospitals around the United States of America [38]. Despite the
significantly smaller sample size, the superiority of the DT model indicates the need for rural
healthcare demographic-specific prediction models.

The patients included in this study were predominantly females representing 63% of the
patients, which was 3% higher compared to the NSQIP database [104]. The proportion of hip and
knee surgeries in frontier healthcare was almost the same, which was not the case at the national
level, where hip surgeries accounted for an additional 8% of total knee surgeries [105].
Furthermore, the proportion of Medicare patients having a TJA in rural healthcare is 4.5% higher
compared to the national average [106].

Next, complex ML tools have already been proven as a superior prediction method for
predicting patients’ LOS compared to the NSQIP calculator [30]. However, the results of this study

indicate that even the most basic ML tools, like DT, provide better prediction of LOS for TJIA
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patients than the logistic regression algorithm used by the NSQIP calculator [38]. Positive
prediction outcomes of ML tools indicate future opportunities for healthcare improvements [88].
However, ML models require adequate data to develop prediction models [107]. Collecting and
implementing data to facilitate the quality of care provided in rural healthcare is an opportunity
that this study attempted to address and is the focus of future research.

Finally, the greatest advantage of the DT model compared to the NSQIP calculator is its
high level of interpretability [108]. The ability to understand prediction output and its
corresponding decision-making process is critical for practical use, especially in high-risk
environments like healthcare [108]. The tree-like structure of the DT diagram clearly highlights
the branching variables with corresponding values, which allows a clear understanding and
visualization of prediction outcomes and the decision-making process [38]. The Final DT model
consisted of only three branches, where the most important independent variable (Importance
index = 61%) was the Duke Activity Status Index (DASI) (Figure 8). In clinical practice, DASI is
used to assess medical treatments and assist clinical decisions, while in control clinical trials, the
DASI can serve to evaluate interventions and support a cost/benefit analysis of the treatment [101].
According to this model, the high importance of DASI for predicting LOS is very valuable
information in the preoperative stage, as it allows clinicians to prioritize patients' activity status to
reduce the likelihood of extended LOS. On another hand, the NSQIP calculator output included
the predicted value of LOS and the list of independent variables that have contributed to the model
prediction [109]. However, the NSQIP calculator did not provide any insight into the decision-

making process [35], which made the model difficult to understand and interpret.
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To summarize, the NSQIP calculator provided a less accurate prediction of LOS with a
lower level of interpretability, which indicates that a DT model was a better prediction tool for

predicting patients’ LOS in the rural healthcare environment.

Study Limitations and Future Opportunities

The biggest limitation of this study was the robustness of the developed models. The
challenge of model robustness is especially known for DT models, as a very slight change in the
dataset can lead to a different tree diagram [110]. Since the Final DT model was based on 144 data
points and evaluated with 37 data points, it is very sensitive to the changes in independent
variables. Furthermore, the Final DT model produced only three predicted LOS, which constrained
the model predictions. As a result of that, our model should be used as an informative tool, allowing
clinicians to develop a better understanding of factors that contributed to an extended LOS.
However, despite these limitations, the model developed in this study is completely relevant and
statistically evaluated. Furthermore, since rural healthcare deals with a significantly lower
percentage of patients compared to the major clinical centers [111], this study represents a good
assessment of rural healthcare and could hopefully lead to beneficial improvements for patients,
and clinicians.

Future studies should focus on replicating this study with a larger dataset to yield a more
robust and less sensitive model. Additionally, future researchers should evaluate the
interpretability of the DT model with physicians and their level of agreement with the DT-provided

predicted LOS.
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Conclusion

The DT model provided a more accurate prediction of LOS compared to the NSQIP
calculator for patients undergoing TJA procedures in rural community hospitals. The DT model
output displayed the decision-making process and emphasized the importance of DASI for model
prediction. The difference in the demographic characteristics of study participants compared to the
national NSQIP database emphasized the need for a rural healthcare-specific prediction model and
consequently the need for data collection in rural healthcare. In alignment with existing research
work, this study proved the superiority of ML models for predicting TJA patients’ LOS in rural

healthcare.
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CHAPTER FIVE

CONCLUSION, RECOMMENDATIONS FOR FUTURE WORK, AND OTHER

Conclusion

This thesis addressed the barriers of the PSH clinic in the Northwest. In particular, the main
focus was on the “Decision for Surgery,” “Preoperative,” and “Postoperative” stages of the PSH
model (Figure 11). The NSQIP calculator Ul was analyzed, as it is the currently used prediction
tool of the PSH, to improve the interpretability and shared understanding of displayed output. This
research revealed disparities in the organization of postoperative complications not just between
expert and non-expert participants (69% match), but also between different groups of expert
participants (i.e., a match between surgeons and nurses was 31%). Open-ended definitions (i.e.,
lacking concrete definitions presented in the Ul) of postoperative complications led study
participants to self-interpret the meaning and severity of the UI’s presented complications [80]. To
overcome this barrier, a research team proposed a novel layout of postoperative complications in
a combined novice- and expert-prescribed descending order of complication severity (Table 6).
This recommended novel Ul layout graphically prioritizes postoperative complications by severity
to reduce the likelihood of misinterpretation among the PSH clinical team and patient for
optimized decision-making. This novel Ul layout facilitates longitudinal patient care, particularly
in the preoperative stage of the PSH model, but can also be used in other phases of the PSH model
for continued risk monitoring/assessment (Figure 11). To quickly access definitions of each

postoperative complication additional NSQIP Ul functionalities were recommended. These
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suggestions will increase the ease of understanding of the NSQIP calculator output, allowing for

better decision-making in the “Decision for Surgery” stage of the PSH model (Figure 11).
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Figure 11. Proposed improvements of the PSH model (add a link to the human)

From the result, the DT model resulted in a more accurate prediction of TJA patients” LOS
compared to the NSQIP calculator (Table 7). The DT model resulted in stronger prediction
performance compared to the NSQIP calculator for the following reasons. First, the DT model was
based on the dataset of patients living in frontier/rural areas (n=144), while the NSQIP calculator
was based on the data collected at 885 hospitals around the United States of America [38]. Due to
the differences in demographic characteristics of a rural population compared to the national
database, the DT model provided a more accurate prediction of LOS for patients in rural areas
despite the significantly smaller dataset. Furthermore, the NSQIP database includes insufficient

numbers of orthopedic procedures (i.e., only 12% of orthopedic patient data contributed to the
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analysis), while the DT model is entirely based on the arthroplasty patient data [112]. As a result,
the NSQIP calculator predicted LOS higher than the actual LOS for TJA performed in the rural
PSH clinic, which was consistent with existing research [30]. This outcome indicates the
importance of developing rural-specific prediction models in healthcare that would better capture
the characteristics of the rural population.

Next, complex ML models outperformed the NSQIP calculator in predicting LOS [30].
This study went further than existing research and demonstrated that even the most basic ML
model such as DT outperformed the NSQIP calculator despite being based on a small data set
(n=144). The main advantage of the DT model is not only in the prediction accuracy but also in
its high level of model interpretability [108]. The tree-like structure of the DT diagram exposed
branching variables with corresponding values, which allows for a better understanding of the
decision-making process [38]. As seen in Figure 9, The Duke Activity Status Index (DASI) is a
very significant variable that contributes to prolonged LOS. By prioritizing patients’ DASI,
clinicians can significantly impact the likelihood of extended LOS for TJA patients in rural
healthcare. The results from this study recommend the inclusion of the DASI in the NSQIP
calculator as one of the prediction variables. Furthermore, due to DASI's high importance in rural
healthcare, it is recommended that DASI be included in the preoperative stage of arthroplasty
procedures, as one of the key indicators to assess patients’ readiness for the surgical procedure.

The improved prediction accuracy and interpretability of the DT model compared to the
NSQIP calculator will positively impact the decision-making in the “Decision for Surgery,”
“Preoperative,” and “Postoperative” stages of the PSH model. More accurate prediction of LOS

will allow patients living in rural areas and a PSH team to jointly make a better decision on the
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surgery recommendation (Figure 11) [30]. In the preoperative stage of the PSH model, higher
interpretability of the DT prediction better facilitates the PSH team to identify patients' conditions
that impact hospital LOS. With that knowledge, the PSH team will prepare a plan for treating
patients' conditions during a preoperative process, with the goal of reducing the likelihood of
extended hospital LOS and any other surgical and post-surgical complications (Error! Reference
source not found.). Finally, a more accurate prediction of LOS would allow hospitals to better
plan their resources and optimize their operations in the postoperative stage of the PSH model,

such as patient scheduling, daily staffing, and bed allocation (Figure 11).

Recommendation for Future Work

To improve users' experience with the NSQIP calculator, a pop-up definition callout
hyperlinked to each postoperative complication is proposed. Future researchers should redesign
the NSQIP calculator Ul, by enabling users to access a definition of postoperative complication
by “clicking” on a postoperative complication name (Figure 12). An expected outcome of added
functionality is a reduction in the number of participants who did not understand the meaning of

postoperative complications.

Venous
Thromboembolism is
the process of clot
(thrombus) formation
within veins

It ) o o S ——— 42% 27%  Above Average
s€tion ' ) v w a ) T 13% 1.0%  Above Average
Venous Thromboembolism I . - 50 - . . o ol g 0.5% 0.3% Above Average
Renal Failure | 2 2 - « an 3 - e ~ ‘o 0.1% 0.0% Above Average
Readmission n ] ; v . - - o 10 3.2% 23%  Above Average

Return to OR ‘ , o o - - ’o o a1t 5.0% 4.2% Above Average

Figure 12. Proposed functionality improvement of NSQIP calculator Ul [113]
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A major shortcoming of this thesis is the small sample size of study participants. According
to Jacob Nielsen, testing the usability of a Ul with 5 participants results in similar outcomes as the
test would be completed having many more participants [72]. However, when performing a card
sorting study, Nielsen recommended 15 participants per user group [72].

This usability case study consisted of 10 expert participants, which is below the Nielsen
recommendation. Future research should focus on replicating the study with a larger pool of expert
participants (n>15) to overcome study limitations. Furthermore, replicating a case study in an
urban setting would allow researchers to analyze differences in the understanding of postoperative
complications between urban and rural populations. Despite a smaller sample size, this study gives
a preliminary representation of the participants understanding of postoperative complications in
rural healthcare. Based on our knowledge, no other research has been performed that analyzes
expert and non-expert understanding of postoperative complications in rural healthcare.

Future research should evaluate the interpretability and prediction accuracy of the DT and
RF models in clinical settings. Complex ML models like RF are known to provide high accuracy
of prediction, but not end-to-end interpretability of its outputs [114]. On the other hand, simple
ML models such as DT provide a better interpretation of outputs but produce less accurate
predictions [114]. When estimating the interpretability of the two models with clinicians and
combined with the model's estimated accuracy, a prediction algorithm per specific clinical
environment should be constructed. A limitation of the DT model for predicting LOS of the TJA
patients was the robustness of the model due to its small sample size (n=144). Such limitation is a
common shortcoming of many DT models, where even a minor deviation in the dataset can cause

a significant shift in the model’s outcome [110].
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Another opportunity to progress this work is to focus on replicating this study using a larger
dataset to deepen our understanding and develop a more robust model. It is estimated that the
sample size should increase to about 16,000 participants [115]. One study identified through a
progressive sampling methodology that the 16,000 data points universally resulted in an optimal
DT performance [115]. Despite the small sample size used in this study, the current DT model
provided a stronger prediction accuracy of the TJA LOS compared to the NSQIP calculator (Table
7). The presented DT model indicates that PSH is making a positive impact on a rural healthcare

environment and demonstrates the need for expanded data collection efforts in rural healthcare.

Inclusivity in Healthcare

I would like to dedicate the final paragraph of this thesis to addressing the
underrepresentation of minority groups in clinical leadership positions in the US. Persons
underrepresented in medicine (UIM) include African Americans, Hispanics/Latinos, Native
Americans, Alaskans, Hawaiians, and mainland Puerto Ricans [116]. In the US Northwest,
approximately 6.5% of the population identifies themselves as American Indians and Alaska
Natives [25]. However, as reported by the American Medical Association, American Indians and
Alaska Natives represent only 0.4% of the physician workforce [117]. As a response to the lack
of diversity among physicians, Sola and the research team proposed the implementation of
mentorship to mitigate this problem [116]. Mentorship is defined as a multidimensional approach
of intentional recruitment, accessible equitable resources, and opportunities for mentoring support
that must start at the beginning of the pipeline with pre-medical students [116]. Mentoring was
recognized as a valuable methodology for increasing diversity, equity, and inclusion within the

surgical team, thus improving the status of UIMs. Furthermore, increasing representation of UIMs
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positively impacted patients' surgical care, which addressed the importance of diversification and
the need for a larger representation of underrepresented groups occupying physician positions
[116]. By addressing the problem of diversification in every industry, not just healthcare, | believe
we can improve the well-being of many citizens, and provide equal opportunities for every

American and non-American like myself, to achieve their full potential.
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