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1 Abstract

The primary objective of this case study was to identify differences in length of stay (LOS) in patients undergoing
total hip arthroplasty (THA) that are associated with medications administered within a latent class assignment
(LCA). The patient population included all patients who underwent total hip arthroplasty (THA) from August 2017
through June 2018 (n=248) in a 430-bed acute care hospital located in northeastern Ohio. Utilizing Latent Class
Analysis to identify medication groupings by patient, and a subsequent zero-truncated negative binomial regression
model (ZTNB) analysis, we were able to assess the differences in mean length of stay between latent class
assignments. With LC1 as an initial reference point, patients assigned to LC2 had an increase in length of stay of 4.5
days (P <0.001). Setting the reference point at LC2, a decrease of 0.68 days (P < 0.001) length of stay was
associated with patients assigned to latent class 3 (LC3) instead of LC2. A second iteration of the ZTNB model
including eight additional covariates also yielded statistically significant values between latent class assignment and
length of stay. The results of each analysis iteration, whether including or excluding covariates, yielded consistent
results in statistically significant value differences in the LC1 vs. LC2 length of stay values and LC2 vs LC3 length
of stay.

Keywords: length of stay, healthcare outcomes, latent class analysis, diagnostic related group, predictive analytics

2 Introduction

Total Hip Arthroplasty (THA) has historically been reported internationally as burdening patients with an estimated
mean length of stay of 6+ days, though national averages vary significantly. [1-3]. In the US, THA accounts for $9
billion in healthcare spending annually [4]. Additionally, demand for THA is expected to grow by 174% by 2030.
Recent proposals from CMS which reclassify total knee arthroplasty (TKA) as an outpatient procedure further
underscore the need for improvements in operating efficiency. In an effort to reduce costs and improve care quality,
recent studies have demonstrated the impact perioperative practice and protocol changes can have in reducing LOS
in patients admitted for THA [5]. In the patient population studied, the mean LOS was 2.80. In an effort to optimize
patient care, we developed a new approach for identifying areas for improvement using LCA of medications
administered to patients during their hospital stay. LCA has been employed in the past to classify patient groups
based on behavioral patterns. [6] The large number of cases and the relative homogeneity of the patient population
admitted for THA minimized patient specific confounding factors for identifying medication variability. [3,7].
Assessing length of stay outcomes via Diagnosis Related Groups (DRGSs) has been tackled previously using
generalized linear models or mixture modeling; however, medication usage has never been included [8,9].
Furthermore, existing literature is bereft of predictive analytics and focuses more on a retrospective analysis
methodology, and unfortunate problem that prohibits proactive approaches to managing and improving patient
outcomes.

3 Methodology

3.1 Data Description

Table 1: Subject Filtering Overview

Filtening Criteria | Retained | Excluded
Starting Count 19254 NA
DRG =301 248 19,006




Table 2: Data Dictionary

Vanable Description

Rate of Mortality (RoM) | The likelihood of death [MediLexicon 2018]

Seventy of Illness (Sol} | The degree of illness and nsk of disease mamfested by pa-
tients, based either on climical data from the medical records
or on hospital discharge/billing data. Outcome compansons
usually are mierpreted in terms of severity of illness to en-
sure meaningful data inferpretations are made [MediLexi-

con 2018]

Day of the Week (DoW) | The specific day of the week when the patient was m the
hospital

Terrestrial Season Winter: Dec - Mar 21, Spning: Mar 22 - Jun 21, Summer:
Jun 22 - Sep 20, Autumn: Sep 21 - Dec 20

Wind Speed Average daily wind speed, 1n meters / seconds

Snowfall Amount of snowfall, in millimeter

Latent Class

Precipitation Amount of precipitation, i tenths of nullimeter

Temperature Average temperature for each day, i tenths of degrees Cel-

s1uS

Initially, the dataset included 19,254 different individuals; when looking specifically at those who had an APR-DRG
of 301, there were 248 different subjects (Table ). Aside from the medication prescription, other metrics were
gathered from the patients and their hospital encounters; more specific measurements (Rate of Mortality, Severity of
Iliness) as well as environmental factors surrounding their admission (Day of the week, Seasonality,
Weather/Temperature) were recorded and subsequently used as covariates within the final association analysis
(Table ). Protected Health Information was obfuscated prior to any analysis conducted on this dataset. Informed
consent was not required in this study as patients were not identified. The environmental factors were generated
using the RNOAA and Lunar R packages [10]. Moreover, a set of definitions associated with the weather variables
from this package can be found at the official NOAA website and was part of the Global Historical Climatology
Network-Daily (GHCN-Daily), Version 3.24 [12].

3.2 Elastic Net Regularized Regression

For the feature selection portion of the data pipeline, an elastic net regularized regression (ENRR) was applied.
When dealing with high dimensional data such as situations where the number of independent variables (p)
significantly outweighs the number of samples (n), the ENRR is able to narrow down the list of predictors while still
accounting for any grouping effect [13]. In essence, by applying penalities to the regression coefficients, ENRR can
produce the most parsimonious model with respect to the outcome while still maintaining consistency and
computational efficiency [14]. The ‘glmnet’ R package described in Hastie et al 2010 provided the tools necessary
to select the medications (Table ) utilized within the subsequent latent class analysis [15].

Table 3: Variable Selection Filtering Overview

Filtering Criteria Retained | Excluded
Starting Count 1906 NA
DRG =301 549 1357
Missing HIC3 Description 540 9
Maintenance Medication Status 258 282
Elastic Net Regulanzed Regression | 44 214



https://www1.ncdc.noaa.gov/pub/data/ghcn/daily/readme.txt

3.3 Latent Class Analysis

Developed in the 1960s, the latent class analysis (LCA) model aimed to model attitudinal variables with categorical
responses [16]. Since its inception, LCA has been a standard and widely utilized tool for analyzing various data sets
in the psychological, social, and biomedical sciences. [17]. For the subjects included in this study, latent class
analysis (LCA) was performed on their common drug usage as defined in Table . Each medication administered to
subjects was subdivided into drug classes utilizing hierarchical classification 3 (HIC3) codes. The vast number of
categories in the HIC3 standard versus the approximately 250 different class categorization in the American
Hospital Formulary Service (AHFS) list allowed for a much more accurate and concise output. All were chosen
from the initial 549 total options found for this specific DRG and were verified by the clinical strategists as being
potentially related to the outcome. Additionally, each were dichotomous; patients did (“YES”) or did not (“NO”)
receive the drug as part of their treatment plan.

LCA initially maximizes the log-likelihood function of each specified latent class model via the expectation-
maximization (EM) algorithm with a Newton-Ralphson step and subsequently estimates the latent class regression.
Initially, the LCA regression was run with up to a max of 15 possible latent classes; the algorithm additionally
calculated each model’s associated Bayesian Information Criterion (BIC) and Akaike Information Criterion (AIC).
The ‘poLCA’ R package developed by Linzer and Lewis was used to generate the different latent class models [18].
While LCA models with different number of classes can technically be considered nested models, a likelihood ratio
test is not the appropriate tool to distinguish statistically significant differences due to the overarching failure of
meeting the regularity conditions [19]. Computing the difference in likelihood between a model with K classes and
K-1 classes does not, in fact, follow a y? distribution [20]. Moving forward, the corrected Akaike Information
Criterion (cAIC) and adjusted Bayesian Information Criterion (aBIC) were calculated and utilized to the narrow
down our selection list from the original 14 options. Moreover, clinical experience and familiarity with the subject
proved to be the final decision-maker in terms of determining the appropriate number of latent classes with which to
move forward.

3.4 Zero-Truncated Negative Binomial Regression

The outcome variable of interest, Length of Stay, included only positive integers within its range of possible values,
and the variance of this “count data” variable was larger than its mean. In order to assess the relationship between
Length of Stay and Latent Class Assignment after adjusing for covariates, the autological Zero-Truncated Negative
Binomial Regression (ZTNB) model was performed using tools from the “VGAM’ R package developed by Yee
[21]. The additional factors considered included the rate of mortality, severity of illness, day of the week,
seasonality, and various weather metrics. Summary statistics for these covariates can be found in Table 5.

4  Results
4.1 Elastic Net Results

Table 4: Medications Retained from Elastic Net Regularized Regression



4.2

GENERIC DRUG DESCRIPTION

HIC3 CODE/DESCRIPTION

FERROUS SULFATE 325 MG TABLET

C3B- IRON REPLACEMENT

DEXAMETHASONE NA PHOS INJ IMG

ADRENALIN EFINEPHRIN INT0.1MG

P5A- GLUCOCORTICOIDS
J5A- ADRENERGIC AGENTS, CATHECHOLAMINES

MIDAZOLAM HCL INJ PER 1 MG

HIC- GENERAL ANESTHETICS, INJECTABLE

ROPIVACAINE HYDROCHLORIDE 1 MG

HOA-LOCAL ANESTHETIC

TACTATE INF 10 1000CC

C1W- ELECTROLYTE MAINTENANCE

'ACETAMINOPHEN 325MG TAB H3E- ANALGESIC/ANTIPYRETICS. NON-SALICYLATE
AZITHROMYCTN TNT 500 MG WD VMACROTTHES

"ENOXAPARIN SODIUM INJ T0 MG
MELATONIN 3 MG TABLET

DEXTROSE SCEFAZOLIN NA INJECT 500 MG

WIW- CEPHAT OSPORINS- 18T GENERATION

“FURGSEMIDE INJECTION T0 20 MG

RIM- LOOP DIURETICS

MEINTLMG
HATGPERIDOL 1N UF 76 358G

OCAL ANESTHERCS
HiTANTIESTCHOTICS, DOPANMINE ANTAGONISTS, BU-
TYROPHENONES

CALCIUM-VIT D 500MG-200 UNITS

CIF- CALCIUM REPLACEMENT

TRAMADOL 50 MG TABLET

H3A- ANALGESICS. NARCOTICS

TOCLOPRANIDE 10 MG TABLET

i) STINAL MOTILTTY

PARIN NA INJ PER 1000 UNITS

ARIN AND RELATE

MID. ANTIFIBRINOLYTIC AGENTS

D6S- LAXATIVES AND CATHARTICS

C5I-TVSOLUTIONS: DEXTROSE

LORAZEPAM INJECTION 2 MG

HIE- SEDATIVE- HYPNOTICS. NON-BARBITURATE

AZITHROMYCIN ORAL, CAP/POW 1GM

W1D- MACROLIDES

" PHYTONADIONE (VIT K) PER 1MG

TORY

CHLORHEXIDINE TOP 13BISACODYL 10 MG SUPPGSL |

CoK- VITAMIN K PREPARATIONS
O3S LARATIVES COCATRECTAL

SEMIDE INT UF TO 20 MG

RIM-LOOP DIURETICS

CIPROFLOXACIN IVINF INJ 200MG

WiQ QUINOLONES

HEPARTN SODIUM TNT PER 1660UN

MOK- HEPARIN AND RELATED PREPARATIONS

" CALCIUM CHIORIDE 1000MG/10ML §

CIF- CALCIUM REPLACEMENT

SENNA 8.6 MG TABLET

D6S- LAXATIVES AND CATHARTICS

V' ARBAPENEMS (THIEN

RENERGIC AGENDS,

GUAIFENESIN 600 MG ER

B3 EXPECTORANTS

AMOXICIL CLAV 875MG-125MG TAB

W1A- PENICTLLINS

J5A- ADRENERGIC AGENDS, CATHECHOLAMINES

SOD BICARBONATE 8 4LIDOCAINEEPT 1:100,000 TCLOPL-
DOGREL 300MG TABLET

MOP PLATELET AGGREGATION INHIBITORS

"BENZONATATE 100 MG CAPSULE

H6C- ANTITUSSIVES, NON-NARCOTIC

“HYDROCORTISONE TOPICAL 0.5CLINDAMYCIN 150 MG
CAPSULE

WIK- TINCOSAMIDES

Latent Class Analysis Results

Figure 1: Information Criteria for Latent Class Models
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4.3 Summary Statistics

Table 5: Summary Statistics

Latent Class I (n=94) | Latent Class IT (n = 88) | Latent Class ITI (n = 66)
Rate of Mortality = 1 72 (48.65%) 25 (16.89%) 51 (34.46%)
Rate of Mortality = 2 30 (29.41%) 36 (52.94%) 12(17.65%)
Rate of Mortality = 3 2(8.33%) 20 (83.33%) 2(8.33%)
Rate of Mortality = 4 0(0%) 7 (87.5%) 1(12.5%)
Seventy of Illness = 1 39(33.91%) 53 (46.09%) 23 (20%)
Severity of llness = 2 50 (42.74%) 29 (24.79%) 38 (32.48%)
Severity of Illness = 3 5(50%) 1(10%) 4 (40%)
Seventy of Illness =4 0(0%) 5(83.33%) 1(16.67%)
Day of the Week = Monday 26(32.91%) 14 (17.72%) 39 (49.37%)
Day of the Week = Tuesday 38 (67.86%) 14 (25%) 4(7.14%)
Day of the Week = Wednesday 6(17.14%) 18 (51.43%) 11 (3143%)
Day of the Week = Thursday 17 (48.57%) 6 (17.14%) 12 (34.29%)
Day of the Week = Fnday 4(28.57%) 10 (71.43%) 0(0%)
Day of the Week = Samurday 1(6.25%) 15 (93.75%) 0 (0%)
Day of the Week = Sunday 2(15.38%) 11 (84.62%) 0 (0%)
Terrestrial Season = Sprng 36 (38.71%) 31 (33.33%) 36 (27.96%)
Terrestrial Season = Summer 11 (40.74%) 9(33.33%) 7(25.93%)
Terrestrnial Season = Autumn 17 (32.69%) 22 (42.31%) 13 (25%)
Terrestrial Season = Winter 30 (39.47%) 26 (34.21%) 20 (26.32%)
Average Daily Wind Speed 30 (32.52%) 305 (32.93%) 125 (3455%)
Snowfall (mm) 0 (NA) 0(NA) 0(NA)
Precipitation (tenths of mm) 0(0%) 3 (66.67%) 1.5(33.33%)
Average Daily Temperature (C) 64 (33.95%) 65 (34.48%) 59.5(31.56%)

4.4  Zero-Truncated Negative Binomial Regression Results

Table 6: Zero-Truncated Negative Binomial Model (w/ Covariates) Results Given LC1 as Reference

term estimate std.error statistic p.value
(Intercept):1 -0.2027 0.3401 -0.5961 0.5511
(Intercept):2 1.952 0.4256 4.586 <0.001
LC2 1.248 0.1905 6.551 <0.001
LC3 -0.473 0.2612 -1.811 0.0702
Rate of Mortality:2 0.3822 0.1583 2414 0.0158
Rate of Mortality:3 0.6102 0.2146 2.843 0.0045
Rate of Mortality:4 0.5598 0.4375 1.279 0.2008
Severity of Iliness:2 0.04485 0.1631 0.275 0.7833
Severity of Illness:3 0.8114 0.3147 2.578 0.0099
Severity of Iliness:4 0.9541 0.5007 1.906 0.0567
Terrestrial Season:Spring -0.03886 0.1989 -0.1954 0.8451
Terrestrial Season:Summer -0.005861 0.3015 -0.01944 0.9845
Terrestrial Season:Winter 0.0304 0.1674 0.1817 0.8559
Day of the Week:Monday -0.4011 0.2524 -1.589 0.112
Day of the Week:Saturday -0.1165 0.2804 -0.4153 0.6779
Day of the Week:Sunday -0.2839 0.2951 -0.9622 0.336
Day of the Week: Thursday 0.02212 0.2794 0.07917 0.9369




Day of the Week:Tuesday -0.328 0.2554 -1.284 0.199
Day of the Week:Wednesday 0.1602 0.2382 0.6726 0.5012
Avg Temperature (C) 0.0006644 0.0009954 0.6674 0.5045
Precipitation -0.0008073 0.0007479 -1.079 0.2804

Avg Wind Speed 0.00396 0.004249 0.932 0.3514
Snowfall -0.00107 0.005724 -0.1869 0.8517

Table 7: Analysis of Deviance Table for ZTNB (w/ Covariates)

Df 2 * LogL.ik Diff. Pr(>Chi)

LC 2 72.71 1.623e-16

Rate of Mortality: 3 10.7 0.01348
Severity of IlIness: 3 9.302 0.02553
Terrestrial Season: 3 0.1189 0.9895
Day of the Week: 6 10.65 0.09986
Avg Temperature (C) 1 0.4359 0.5091
Precipitation 1 1.189 0.2755
Avg Wind Speed 1 0.8681 0.3515
Snowfall 1 0.03318 0.8555

5 Discussion

Consideration of the clinical setting and potential patient case mix contextualizes the applicability of the outputs of
the models seen in the elastic net regression and latent class model groupings.

For the output of the Elastic Net regression, the retained medications output was reviewed for clinical utility in the
patient care setting for our potential patient cohort. As a test for inclusion applicability, the medications in the
retained list were evaluated for their association with treatments that could be ordered for patients having this DRG
in the inpatient, perioperative, or post-operative settings. The retained list was inclusive of medications that met
reasonable use inclusion evaluation by clinical team members. The list did not contain of medications that would
have been aberrant to observe in a possible patient regiment during an admission for the DRG of interest.

Evaluation of risk factors for orthopedic surgical patient populations has been the subject of considerable inquiry
and presents some common clinical profile modalities that can be evaluated against the outputs of latent class
grouping. These include factors such as age, anticoagulation status, choice of anesthetic approach, excessive body
weight, pain management needs, and comorbidities such as inflammatory arthritis [23]. Outputs with a five class
grouping and three class grouping contained the most discernable medication treatment regimens that could be
potential fits for patient population risk modalities.

After considering both groupings, the three class model had the most distinct medication groupings that fit to
discernable population groups that would have distinct regimens during their treatment course. Latent Class Group |
shows a predominant proportion of ropivacaine utilization, which indicates a specific anesthetic block approach for
these patients. Latent Class Group Il shows a higher proportion of both heparin injection and enoxaparin indicating
anticoagulation needs for this group. Latent Class Group 111 shows the highest proportion of long acting regional
anesthesia, tramadol, and pro-motility agent use indicating pain management needs for this final grouping.

When setting the LC1 as the reference and adjusting for Rate of Mortality, Severity of Illness, Terrestrial Season,
Day of the Week, Average Temperature, Average Precipitation, Average Wind Speed, and Snowfall, we found that

10



there was a statistically significant difference in Length of Stay if an individual had alternatively received a LC2
treatment plan. In fact, being assigned to LC2 instead of LC1 increased Length of Stay by 3.483 days (p < 0.001).
When setting the LC2 as the reference, we found that there was a statistically significant difference in Length of Stay
if an individual had alternatively received a LC3 treatment plan. In fact, being assigned to LC3 instead of LC2
decreased length of stay by 0.179 days (p < 0.001). There was no statistically significant difference in the length of
stay outcome between LC1 and LC3 individuals (p < 0.0702).

The findings of this study corroborated our original hypothesis that differences in length of stay amongst similar
patient groupings created via the LCA model were associated with medication selection practices. Though this study
focused specifically on DRG 301, we believe that utilization of the LCA model to identify difference in length of
stay and medication selection groups is applicable across various diagnostic related groups. In its current state, the
model does not include patient protected health information (PHI) as additional covariates and only encompasses
obfuscated billing and claims data. This limitation of our current dataset requires various assumptions to be made
regarding patient specifics upon result interpretation. Expansion of this study would be dependent on access to PHI
from the hospital’s electronic health record (EHR). The addition of PHI factors including but not limited to patient
age, gender, weight, height, and lab results would allow for adjustment in our model and more generalizable,
evidence-based outputs. Internal steps have recently been taken to ensure Omnicell’s maintenance of HIPAA
compliance when utilizing PHI data sets. We intend to conduct a follow-up iteration of this study’s methodology
with the inclusion of various PHI covariates once those policies and procedures are finalized within the organization.
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