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Abstract

Expenses on inpatient care form the largest share of Czech health expenditure,
which raises concerns about its efficiency. Efficiency improvement belonged
to one of the motivations for the implementation of reimbursement mecha-
nism based on diagnosis-related groups, under which hospitals are paid a fixed
amount per hospital case. This thesis contributes to the existing literature on
DRG by assessing the changes in efficiency of inpatient care under DRG in
the Czech Republic, focusing on the length of stay as a measure of resource
utilization as well as an indicator of hospital efficiency. Furthermore, it con-
tributes to this topic by using a unique and relatively large dataset containing
patient-level information from 15 Czech hospitals over 2015-2019.

Employing models for count data, we observe the downward trend in length
of stay over the examined period. This finding is in line with the intended effect
of DRG. Moreover, the estimated result is robust when considering different
subsamples — based on hospital size (large and medium-sized) or severity level
of a patient. The only group where the decline in length of stay was not
estimated were the most severely ill patients with major complications and
comorbidities. Measured by the standard deviation of length of stay, the process
of standardization of healthcare provision has also been observed. The results
indicate enhanced hospital efficiency in terms of inpatient care when operating
under DRG, which implies that hospitals can treat more patients using the

same capacity.
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Keywords hospital care, length of stay, DRG reimburse-
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Abstrakt

Vydaje na lizkovou péci tvori nejvétsi ¢ast vydaji na zdravotni pééi v Ceské
republice, coz vede k diskusi o jeji efektivité. Zlepseni efektivity pattilo k jed-
nomu z motivi pro zavedeni ihradového systému zalozeného na DRG, v ramci
nehoz je luzkova péce hrazena fixni ¢astkou za hospitalizacni pripad. Tato
prace obohacuje relativné omezenou literaturu zabyvajici se DRG a hospital-
izacni péci - prinasi analyzu zmén efektivity v poskytovani lizkové péce po
zavedeni DRG v Ceské republice. Konkrétné se zaméfuje na délku hospital-
izace, coz casto slouzi jako indikator efektivity nemocnic. Dale k tomuto tématu
prispiva vyuzitim unikatniho a pomérné rozsahlého souboru pacientskych dat
z 15 ¢eskych nemocnic z let 2015-2019.

S vyuzitim modelt pro diskrétni data byl ve zkoumaném obdobi pozorovan
klesajici trend délky hospitalizace, coz se fadi mezi zadané efekty DRG.
Odhadovany vysledek je navic robustni pti zohlednéni riiznych dil¢ich vzorkt —
na zakladé velikosti nemocnic (velké a stiedni) nebo tirovné zavaznosti onemoc-
néni pacienta. Jedinou skupinou, u které nebyl pozorovan klesajici trend délky
hospitalizace, byli pacienti se zavaznymi komplikacemi a komorbiditami. Déle
byl pozorovan pokles smérodatné odchylky délky hospitalizace, ktery muzeme
interpretovat jako probihajici standardizaci v poskytovani lizkové péce. Obé
zjisténi naznacuji, ze dochazi k zefektivnéni poskytovani ltizkové péce, coz ma
za nasledek, ze nemocnice mohou 1é¢it vice pacientl pti vyuziti stejné kapacity

a zdroju.

Klasifikace JEL 110, 111, I15, 118, H51

Klicova slova nemocnicni péce, délka hospitalizace,
tihradovy mechanismus DRG, Ceskd
republika

Nazev prace Zména v efektivité poskytovani lazkové
péce v ramci thradového mechanismu za-

lozeného na DRG v Ceské republice
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public

Motivation The diagnosis-related group (DRG) system belongs to reimbursement
mechanisms by which hospitals are financed. It is primarily used for inpatient care,
and it is based on the classification of patients into a limited number of DRG cat-
egories that should be clinically meaningful and relatively homogenous in terms of
resource consumption patterns (Barouni et al., 2020). Each base is consequently
associated with a specific cost weight and when multiplied by hospital’s base rate, it
determines the flat-rate payment (Boes & Napierala, 2021).

The DRG mechanism was widely implemented in many European countries -e.g.,
Switzerland, France, Germany, and also in the Czech Republic. Generally, several
reasons for its introduction exist - the DRG system aims to decline the financial
incentive to fee-for-service hospitals for keeping patients longer than necessary, to in-
crease the transparency of hospital services as well as the efficiency of use of resources
in hospitals (Barouni et al., 2020, Koné et al., 2018; Kotherova et al., 2021).

The effect of DRG implementation and the consequent reaction of hospitals are
questioned by researchers and they are analysed from various points of view, various
diagnoses are considered. For example, Geissler et. al. (2012) and Street et al.
(2012) evaluate the appropriateness of the division of diagnosis-related groups in
terms of costs and the length of stay. Or (2014) in the analysis of French DRG-
system notes the need of balance between efficiency and quality of healthcare. Meta-
analysis concerning German and Swiss studies claim the effect of the DRG system on
the length of stay, rehospitalisation rate or changes in number of cases hospitalised
(Koné et al. 2018).

In the Czech Republic, the DRG-based reimbursement mechanism started to

be implemented in the 1990s, but more developed implementation came into force
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in 2007 and it was widely implemented in 2012 (The Health Systems and Policy
Monitor, 2019). So far, only few studies focusing on the DRG system in the Czech
environment exist. For instance, Novy (2016) measures its performance considering
only one-year 2011. Kotherova et al. (2021) evaluate the DRG system’s effects on
the restricted sample of three hospitals. The assessment of the hospital behavioural

changes under the DRG system concerning larger number of hospitals is still missing.

Hypotheses

Hypothesis #1: Hospitals significantly changed their behaviour and decreased

resource utilization over time.

Hypothesis #1a: The length of stay (LOS) decreased significantly over time,

mainly LOS in Intensive care unit.

Hypothesis #2: The size of behavioural changes differs among DRG bases,

reflecting the development in individual medical fields.

Hypothesis #3: The development of use of resources varies among different

types of hospitals.

Methodology The thesis will be based on data set with a multi-dimensional panel
data structure, containing Czech hospital data, covering the period 2015-2019. The
data will be grouped based on diagnosis-related groups, and individual (anonymized)
hospitals will also be distinguished. I will work with two types of hospitals - university
hospitals and regional hospitals, in total at least 15 hospitals will be analysed. The
data set will be provided by and processed in cooperation with Advance Hospital
Analytics.

The main variables of interest can be divided into three groups:
1. Length of stay - also distinguishing the stay in the intensive care unit
2. Laboratory and imaging techniques

3. Materials used - separately billed material (ZUM) and medicinal products
(ZULP).

As the first step of my analysis, I will identify DRG bases that will be further
studied, based on the literature review. Moreover, the selection criteria will be the
number of cases registered under the given base, diagnoses which treatment cov-
ers stay in the intensive care unit, possibly cases belonging to Surgery and Internal

medicine wards. In total, bases will be selected in the way to appropriately charac-
terize the Czech IR-DRG system.
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The main goal of the thesis is to analyse significance of changes over time. Thus,
I will construct panel data model with the following baseline specification. The de-
pendent variable will be the measure of hospitals’ care provision, i.e., LOS, materials
used or laboratory techniques. The independent variables will be time dummies cap-
turing the possible effect. Other variables will be added to the model to control for
other factors that might have affected hospitals’ behaviour. For instance, health care
capacities will be captured by the number of doctors per district, number of hospi-
tal beds per district or number of cases. Moreover, the information about average
patient age and CC (complications & comorbidities) indicator will be also added as
regressors.

The second aim is to determine if heterogeneity in hospitals’ behaviour over time
exists; to analyse if the development of hospitals’ behaviour differs among but also
within specific hospital groups. The second hypothesis will be addressed by dummy
variables indicating hospital type. To be able to answer the third hypothesis, dummy
variables indicating the type of DRG base will be also added to the model.

Expected Contribution As far as the author is concerned, any study concerning
large number of hospitals and covering five years (2015-2019) does not exist in the
Czech environment. The thesis will contribute by assessment of behavioural changes
of Czech hospitals under the DRG reimbursement mechanism. Precisely, the thesis

will assess whether hospitals have changed resource utilization over time.

Outline

1. Motivation: I will describe DRG-based reimbursement method of financing, its
introduction and development in the Czech Republic. Knowing the context, I

will introduce research question and explain hypotheses.

2. Studies on assessment of DRG: will summarize studies concerning the same
topic, I will describe how the DRG system and hospitals’ behaviour under
DRG-based reimbursement was evaluated in studies conducted in other Euro-

pean countries — mainly Germany, Switzerland, France.

3. Data & Methods: I will describe the structure of data set and variables I will

work with; I will also explain methods which will be used for the analysis.
4. Results: I will present results of the analysis.

5. Concluding remarks
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Chapter 1
Introduction

Health expenditure represents a non-negligible part of Czech national spending
- in 2019, it represented 7.6% of the Czech GDP (WHO, 2023). Moreover, more
than one quarter (26.8%) of health expenditure in 2019 was spent on inpatient
care (CZSO, 2022b). In 2020, the first year of the COVID-19 pandemic, both
indicators even increased to 9.2% and 29.9%, respectively. Since expenses on
hospitals, especially on inpatient care, form one of the largest components of
health expenditure, concerns about its efficiency arise.

The financing of Czech inpatient care has undergone broad development
during the last decades. Specifically, diagnosis-related groups (DRG) were
introduced and have been implemented as a reimbursement mechanism (Bryn-
dova et al., 2023). Under a DRG-based reimbursement mechanism, hospitals
are reimbursed a fixed amount per hospital case based on its diagnosis. More
precisely, hospital cases are classified into diagnosis-related groups that are clin-
ically meaningful and relatively homogeneous in terms of resource utilization
(Busse et al., 2013). Each group is assigned a cost weight associated with the
amount a hospital is reimbursed (Kotherova et al., 2021).

The DRGs have been gradually introduced all over the world and also in
the majority of European countries. It aimed to increase transparency and effi-
ciency of inpatient care. Transparency can be achieved through patient classi-
fication, diagnosis coding, or measuring hospital output, while higher efficiency
of resource utilization should be obtained by paying per number and type of
cases treated. Combining these two features should also help to improve the
quality of care or to foster competition between hospitals (Busse et al., 2013;
Boes & Napierala, 2021).

A relatively large number of researchers, especially foreign ones, evaluate the
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impact of the DRG system on healthcare provision. Besides its potential above-
mentioned positive effects, they also scrutinize the unintended effects of DRG,
such as increased readmission rate or mortality, cherry-picking, or decreased
quality of care. Findings in the literature vary depending on the studied country
or diagnosis. As an indicator of hospital efficiency, length of stay is usually
analyzed. Given that all other factors remain unchanged, a shorter length of
stay is associated with lower costs per inpatient case (OECD, 2023). Evaluating
DRG, foreign literature concludes either negative (e.g., Schuetz et al., 2011;
Cheng et al., 2012) or no effect on length of stay (e.g., Busato & von Below,
2010).

Only a limited number of studies were conducted in the Czech Republic
dealing with inpatient care and the DRG system. The DRGs were imple-
mented gradually in the Czech Republic, but a broader implementation came
into force in 2012. However, little is still known about the changes in inpatient
care provision when hospitals operate under the DRG classification. This thesis
contributes to the current literature by exploring the development of hospital
behavior under the DRG-based reimbursement mechanism and focuses on the
length of stay. Specifically, the thesis uses patient-level data from 15 Czech
hospitals between 2015 and 2019 to analyze two potential trends. Firstly,
by employing models for count data — zero-truncated negative binomial and
zero-truncated Poisson and by controlling for patient characteristics and other
covariates, we investigate the time trend of length of stay with a hypothesis of
decreasing length of stay under DRG, as hospitals gradually adapt healthcare
provision to the reimbursement mechanism.

Secondly, with the standardized revenue per the same type of hospital case,
the healthcare provided should be standardized as well. In other words, un-
der DRG as well as under clinical pathways, which go hand in hand with
the DRG-based mechanism, the treatment of cases within the same diagnosis
should become standardized. Technically, the variance length of stay within
the individual episodes of care and hospitals should decline. This hypothesis is
addressed by examining the time trend of the standard deviation of length of
stay.

Both hypotheses are further evaluated on different subsamples to analyze
the robustness of potential time trends. Namely, they are analyzed separately
for large and medium-sized hospitals; patients with different level of illness
severity and also for five selected episodes of care.

Results reveal that length of stay gradually decreased in the examined pe-
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riod which indicates improvement in efficiency of inpatient care provision. The
trend of length of stay is robust when distinguishing between individual sub-
samples. Slightly higher change was noted in case of medium-sized hospitals
compared to large hospitals and also for patients without complications and
comorbidities, while the downward trend was not observed only for group of
cases with major complications and comorbidities. The decrease in length of
stay is also observed for five selected episodes of care, however, its size dif-
fers across the episodes of care. Furthermore, the results revealed that length
of stay variation within hospitals declined over time as well, indicating that
hospitals have been standardizing inpatient care in terms of length of stay.

The rest of the thesis is structured as follows. Chapter 2 provides the
context of the work, that is, literature review on the DRG-based reimbursement
mechanism, Chapter 3 summarizes literature on inpatient length of stay and
its modeling. Next, Chapter 4 extensively describes patient-level data and
Chapter 5 explains the methodology used for the analysis. Chapter 6 describes
and discusses the results of the conducted models. Lastly, Chapter 7 concludes
the thesis.



Chapter 2
Literature review

In this chapter, the author will firstly briefly introduce the system of financing
in the Czech healthcare sector and the types of reimbursement mechanisms in
Section 2.1. Secondly, in Section 2.2, one of them - the diagnosis-related group
(DRG) reimbursement mechanism will be described in more depth, followed
by the explanation of development and key ideas of the Czech DRG systems
in Section 2.3. Section 2.4 will review the literature concerning the effects of

DRG on healthcare provision.

2.1 The system of financing in the healthcare sec-

tor in the Czech Republic

The Czech Republic has a statutory health insurance (SHI) system of financ-
ing, which requires citizens to be compulsory members of a health insurance
fund. Omne can choose from seven available funds that exist in the Czech Re-
public in 2023. The SHI system is financed mainly through compulsory, wage
based contributions administrated by the health insurance funds. These are
accompanied by finance from general taxation and out of pocket payments.
The monthly wage-based SHI contributions are paid for economically active
people by employers, employees, and self-employed individuals; the state pays
the contribution for economically inactive people (Bryndova et al., 2023). SHI
contributions are subsequently pooled and redistributed among insurance funds
based on a risk adjustment scheme. Later, insurance funds pay for healthcare
services provided to their members according to contracts made between the
health insurance fund and the given healthcare provider. The general frame-

work for the payment rules is also formulated in a Reimbursement Directive,
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published yearly by the Ministry of Health (Bertoli et al., 2021). The payment
mechanism depends on the type of healthcare provider and should aim to induce
the providers to act efficiently (Kazungu et al., 2018). Nowadays, the following
reimbursement mechanisms are mainly combined within the Czech healthcare
payment system: capped fee-for-service payments, activity-based prospective
budgets and case payments based on DRGs (Bryndova et al., 2023). The follow-
ing subsections will briefly explain all mentioned reimbursement mechanisms

but will mainly focus on the description of reimbursement mechanism based on

the DRGs.

(Capped) fee-for-service payments

Capped fee-for-service scheme is applied for hospital outpatient services, ambu-
latory specialized services and selected procedures performed by general prac-
titioners. The provider is paid for every reported rendered procedure until a
certain limit or cap is met. Each procedure is priced by a certain number of
points, which are published in the List of Health Services (MZCR, 2023a). The
exact monetary value of one point is negotiated and yearly published in the

Reimbursement Directive.

Capitation

The provider - a general practitioner - is paid for every registered patient per
month. The capitation is risk-adjusted, the age and sex of a patient are taken

into account - a higher index is assigned to children aged 0-4 years or seniors.

Activity-based prospective budgets & Case payments based
on DRGs

These mechanisms are applied for inpatient care in acute care hospitals. In case
of activity-based prospective budget, the provider - a hospital - is reimbursed
a sum of money that is set in advance, related to a reference time period (last
year) and considers the provider’s production in the reference year (measured
using DRGs). In case of case-based payments, a hospital is reimbursed pre-
defined amount of money (defined via DRGs) for each hospitalized patient,
based on patient’s condition and other factors that might increase complexity

or expected cost of their care.
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2.2 Diagnosis-related group classification

As mentioned above, the reimbursement mechanism which is applied for hos-
pital inpatient care is linked to the diagnosis-related group classification. The
general idea of the system is that hospitals are reimbursed fixed amount per
hospital case. More precisely, the diagnosis of a patient is allocated to one of the
diagnosis-related groups; each group is connected with a relative weight that is
consequently assigned to a given case. Summing relative weights of cases (that
a hospital treats) gives a so-called case-mix. Subsequently, the reimbursement
flat-rate payment for a hospital is calculated by multiplying the case mix by a
hospital’s base rate (Boes & Napierala, 2021).

The main reason for introducing the DRG payment mechanism in Europe
is the effort to increase the quality of care, transparency, or to improve the
efficiency of inpatient care (Bocking et al., 2005; Busse et al., 2013). The
DRG system helps to improve efficiency by paying the fixed amount for the
whole hospital case - the hospitals are thus incentivized to limit the services
per patient and treat more patients (Busse et al., 2013). In comparison, the
previous hospital health systems were based on fee-for-service or global budget
payments and provided different incentives. Fee-for-service incentivized the
hospitals to provide as many services as possible and to extend the length
of stay (LOS) for each patient, which might have led to inappropriate and
unnecessary treatment. On the other hand, the global budget raised the risk
of underproduction and not providing sufficient services (Busse et al., 2013).

Transparency using the DRGs is achieved since it is based on documen-
tation and coding — classifying a large number of individual patients into a
limited number of clinically meaningful and relatively economically homoge-
neous categories. Such classification also enables the comparison of rendered
services for each group across different hospitals, which is also known under
the term “benchmarking” (Bocking et al., 2005). For example, the assessment
of source utilization can be conducted by comparing the proportion of cases in
the individual DRGs — a higher proportion of cases in costly diagnosis-related
groups means that a hospital treats more complex cases than another hospital.
Likewise, the efficiency of care can be compared through the length of stay of
patients belonging to the same DRG (longer stay means more costly treatment
in one hospital than in another) (Busse et al., 2013). An optimal interval of the
length of stay is also stated for a given DRG group, meaning that lower LOS
suggests incomplete healthcare provided, and prolonged LLOS might be related
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to ineffective treatment (Chok et al., 2018).

The concept of diagnosis-related groups was firstly formulated in the 1970s
by researchers at Yale University. By defining “hospital product”, they aimed
to measure the activity of hospitals (Goldfield, 2010). The system’s potential
soon attracted policymakers in the United States, and it was first implemented
as a payment mechanism for hospitals in 1983. Gradually, the DRG payment
system was introduced worldwide in most industrialized countries, especially
in Europe (Busse et al., 2011).

Even though the principle of the DRG system is the same, each country
accommodated it with respect to the local environment. Some countries firstly
imported the system from abroad and gradually developed their own (Poland,
Slovakia, the Czech Republic), and some developed their own system from the
very beginning (Austria, England, the Netherlands). The Nordic countries have
agreed on a common system. Despite the same general idea, the systems are
quite heterogeneous and differ in, for example, the number of diagnosis-related
groups, patient classification, and relative prices paid for a DRG (Busse et al.,
2013).

The following section describes the development of DRG in the Czech Re-

public and summarizes its main principles.

2.3 DRG system in the Czech Republic

The implementation of the DRG system in the Czech environment started to
be prepared in the 1990s and should have accompanied various hospital reim-
bursement mechanisms of that time — fee-for-service, per diem payments and
global budgets. The Czech Republic decided to choose the IR-DRG (Interna-
tional Refined DRG) system, which was based on a worldwide used AP-DRG
(All Patient DRG) system. After years of testing, the IR-DRG was first offi-
cially used in the Czech Republic in 2007, but only a small fraction of inpatient
services was included in the DRG system. Later, in 2012, the DRG became a
dominating reimbursement mechanism in inpatient care (Alexa et al., 2015).
In 2014, Czech policymakers decided that inpatient care would continue
to be reimbursed using a reformed DRG system, since the original IR-DRG
system did not appropriately reflect clinical reality and the associated costs.
The new project “DRG Restart” has been launched in order to reform the DRG
classification and DRG-weighting methodologies, to improve the granularity of

reimbursement and thus to improve the system efficiency and to make it more



2. Literature review 8

transparent. After several years of development, evaluation and testing of
the new DRG scheme known as CZ-DRG, the IR-DRG has been completely
replaced by the new CZ-DRG system in 2021. Nevertheless, CZ-DRG is still
developing up to now; version 5.0 has been in force in 2023, and a new version
is in progress (UZIS, 2023a).

However, the role of DRG within the payment mechanisms differed over
time. During the majority of time, DRG classification served rather as a per-
formance measure used to determine the activity-based hospital’s budget; while
only small portion of inpatient care were subject to case-based DRG payments.
With the introduction of CZ-DRG, the proportion of inpatient care reimbursed
by DRG case payments grew, meaning that approximately 44% of inpatient

care were subject to DRG case reimbursement in 2021 (Bryndova et al., 2023).

2.3.1 Principles of IR-DRG

The methodology of IR-DRG has been formulated by the Definition Manual,
which contained a set of algorithmic rules. Based on these rules, clinical cases
are divided into a limited number of diagnosis-related groups, while the main
emphasis is placed on the similarity of cases in each group as well as on the
expense homogeneity of cases in each group. Hence, the result leads to a trade-
off between highly homogeneous groups and the low number of groups (Hodyc,
2007).

Principle of categorization of hospital case is the following: firstly, the pa-
tient diagnosis is assigned to one of twenty-eight mutually exclusive Major
Diagnostic Categories (MDC). The second level is a DRG base, which distin-
guishes whether the patient’s treatment involves surgery. The last level is the
diagnosis-related group, which divides the DRG bases into 3 groups based on
patient’s illness severity level - without complications or comorbidities (without
CC), with complications or comorbidities (with CC), and with major complica-
tions or comorbidities (with MCC). Those DRG bases, for which the patient’s
severity level is not relevant, are not further split.

After the case categorization, a relative weight is assigned to the case. In
case of DRG base payments, the reimbursement for the case is derived by
multiplying the weight by the base rate. Relative weight expresses the relation
of average expenses among DRG groups and indicates the relative resource
intensity of all patients included in a group. Relative weight equal to one

corresponds to a patient with average expenses. Relative weight greater than



2. Literature review 9

one is equal to a medically more complex and financially more costly patient -
the opposite holds for a relative weight smaller than one (Matusek, 2011).

Additional criterion is taken into account when assigning the relative weight
to a case. In order to assign a respective relative weight to a case, the case’s
length of stay should fit into a predefined interval, bounded by a low trim point
and a high trim point. If the case’s LOS is below the low trim point or above
the high trim point, the relative weight is accommodated. Relative weights,
base rate, the average length of stay and trim points are yearly published in
Reimbursement Directive, and might be subject to annual changes.

Summing all relative weights of a certain group of cases (e.g., all cases
treated in a hospital within a year) forms a case-mix. Case-mix expresses the
total medical and financial intensity of the group of cases. Dividing the case-
mix by the number of cases gives the case-mix index, enabling the comparison
of hospitals in terms of complexity of treated cases and the proportion of such
cases (Kozeny et al., 2010).

2.3.2 CZ-DRG changes

In comparison to IR-DRG, CZ-DRG, which has been currently in place in
the Czech Republic, differs in several aspects. For instance, it restructured
the hierarchy of coding, and it also contains approximately two times more
classification bases (727 vs. 373) and 1.5 times more DRG groups (1784 vs.
1057). In addition, it introduces a new methodology for the calculation of
severity of a hospital case, where more degrees of severity are implemented.
Finally, more parameters for classifications into DRG bases and groups were
introduced. Examples of parameters that are evaluated during the classification
are gender and age of a patient, weight of the new-born, principal and secondary
diagnoses, the expertise of the inpatient admission ward, etc. The current
system is described on the website of the Institute of the Health Information
and Statistics of the Czech Republic (UZIS, 2023b).

2.4 Evaluation of DRG-based reimbursement

mechanism

As already mentioned, the main goal of the DRG implementation in the major-

ity of countries was to increase the quality of care, efficiency, and transparency.
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However, the real DRG impacts are still being investigated and are the subjects
of analysis by many researchers all over the world. The DRG systems have been
assessed from various perspectives. In his meta-analysis, Bocking et al. (2005)
formed five groups of measures of the DRG mechanism, which were considered
most often in other studies: "(1) cost and profitability, (2) length of stay and
treated cases, (3) coding, (4) patient selection and referrals, and (5) quality of
care and treatment intensity".

The plausible effects noted in literature are reduced hospital costs (Bocking
et al., 2005), greater funding and spending transparency, decreased length of
stay, improved efficiency, and shorter waiting times (Palmer et al., 2014).

Contrarily, the DRG mechanism might have brought unintended changes
in the behavior of healthcare providers. For instance, researchers have inves-
tigated potential lower quality of care (Fassler et al., 2015), inadequate and
premature discharges or increased rehospitalization rate (Barouni et al., 2021;
Palmer et al., 2014), the effect on mortality rate (Kutz et al., 2019) or upcoding
— manipulating the coding on patients to assign patients to a DRG associated
with higher reimbursement (Milcent, 2021).

Since each country cultivates the system in different time and environment,
the author further decided to group studies by studied country with a focus on
German G-DRG and Swiss DRG (that was developed from G-DRG). Recent
literature offers many studies, including also meta-analyses, concerning these
two countries. Besides, when designing Czech CZ-DRG, G-DRG served as an

inspiration.

2.4.1 Case of Germany

Summarizing studies, which evaluate the German DRG system, Herwartz &
Strumann (2014) conclude no significant improvement occurred in the overall
hospital efficiency after implementing the DRG. Another examination found
out that the quality of care was either not impacted or improved. On the
other hand, Koné et al. (2019) mention in their meta-analysis that most of the
reviewed studies pertaining to German DRG system found a significant drop
in length of stay under DRG. Moreover, Busse et al. (2011) summarize that no
adverse effects of the DRG were found to be present, precisely cream-skimming

or inappropriate early discharge.
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2.4.2 Case of Switzerland

Many studies focusing on the DRG reimbursement mechanism in Switzerland
can be found. Before nationwide implementation of DRG in 2012, some cantons
have already implemented it. Such situation has allowed the researchers to
compare the functionality of DRG with other payment systems (fee-for-service
per diem) within one country (e.g., Busato & von Below, 2010; Kutz et al.,
2019; Schuetz et al., 2011).

Summarizing the noted effects of the Swiss DRG, Schuetz et al. (2011) es-
timated that length of stay in hospitals with DRG financing is shorter by 20%
in comparison to fee-for-service hospitals, however, without apparent harmful
effects on patient outcomes and quality of life measures. In the study of inten-
sive care units in Zurich hospital, Chok et al. (2018) did not find a significant
difference in length of stay before and after DRG implementation. Boes &
Napierala (2021) point out the short-term negative effect of DRG on hospital
performance in case of hospitals that have previously operated under the per
diem reimbursement. Further, these researchers also conclude that hospitals,
that had already worked under DRG before, have adapted to the official DRG
implementation more quickly and efficiently. Kutz et al. (2019) and Busato
& von Below (2010) report an increased re-admission rate, while Thommen
et al. (2014) observe no change in re-hospitalization. Another finding is the
decreased in-hospital mortality (Kutz et al., 2019), but no effect on intensive
care unit mortality has been observed (Chok et al., 2018). Thommen et al.
(2014) note the unproblematic introduction of the system in terms of patients’
satisfaction. Similarly, according to Féssler et al. (2015), the quality of patient

care and physicians’ job satisfaction was rated as good.

2.4.3 Evaluation of DRG design

Besides the measure of resource utilization and quality of care, some studies
also deal with the design of DRG and with the extent to which it captures
the variability of costs of the hospitalized. In other words, they study whether
the cases assigned to DRG groups are homogeneous enough in terms of costs
(or the length of stay), since the homogeneity of the groups has a consequent
impact on reimbursement amount per hospitalized case (hospital revenues).
Researchers within the “Euro DRG” project aimed to compare the ability
of the DRG systems in ten countries across Europe to categorize patients into

resource homogeneous groups (measured by patient costs or patient length of



2. Literature review 12

stay). Analyzing 10 episodes of care (e.g., hip and knee replacement, childbirth,
cholecystectomy, ...) separately, it has been found that patient characteristics
and treatment variables explain resource variation better than DRG for hip
replacement (Geissler et al., 2012) or acute myocardial infarction (Hékkinen
et al., 2012). When concerning also other episodes of care, researchers doubt
whether European systems rely on the most appropriate classification variables
and suggest refinement of DRG systems by inclusion of patient-specific as well
as treatment-specific variables (Hékkinen et al., 2012; Bellanger et al., 2013;
Mason et al., 2012). However, based on the researchers’ conclusions, there
seem to be more variability between individual episodes of care than between
European DRG systems (Tan et al., 2013).

2.4.4 Existing literature on DRG in the Czech Republic

As far as the author is concerned, not many studies concerning the assessment
or the impacts of the DRGs on the Czech inpatient care have been conducted.
Since CZ-DRG has been in force relatively shortly, all studies that are men-
tioned below deal with IR-DRG classification.

The most recent study by Kotherova et al. (2021) evaluated the impacts of
the DRG system on Czech hospital financing. Using data from three regional
hospitals covering the period of 2012-2018 and conducting a cost-revenue anal-
ysis completed by interviews with DRG experts, the researchers conclude that
the setup of the IR-DRG system does not incentivize major positive changes
(predictability of payment for hospital cases, transparent financing, or effi-
ciency) and suggest changes that might improve the system. Similarly, Dole-
jsova (2019) also highlighted the need for the cultivation of the DRG system to
design the reimbursement scheme adequately to the real hospital costs. Novy
(2016) measured the performance of the Czech DRG classification system in
terms of ability of the system to explain the variation in length of stay. The
study of individual-level data from the year 2011 indicates a decent performance
of the IR-DRG system, but with a need of optimization.

Regarding hospital efficiency, studies of Votapkova et al. (2013) and Mas-
tromarco et al. (2019) provide supporting evidence that the DRGs may serve
as an efficient reimbursement mechanism for inpatient care. Besides, Votap-
kova (2020) compares the two studies and notes that hospital efficiency may
increase when DRGs are implemented as performance measure and reimburse-

ment mechanism.
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Our study contributes to the current Czech literature on DRG by assessing
the development of inpatient care provision under DRG-based reimbursement
mechanism over time, focusing on length of stay as a measure of resource uti-
lization and hospital efficiency. Furthermore, it contributes to this topic by
using a quite large dataset containing patient-level information from 15 Czech
hospitals over 2015-2019.



Chapter 3
Recent research on length of stay

As mentioned before, this thesis evaluates the changes in efficiency of inpatient
care measured by length of stay (LOS) and using patient-level data. Hence, the
author has decided to dedicate the following chapter to summarizing current
literature analyzing inpatient length of stay, first, from the general context in
Section 3.1, then from more technical perspective — how LOS is modeled using

patient-level data in existing literature, in Section 3.2.

3.1 Length of stay as a variable of interest

In their studies, the researchers are often focusing on length of stay, since
together with cost, it is considered as a measure of hospital resource utilization
and as an indicator of the efficiency of the hospital delivery (van de Vijsel et al.,
2015). Even though cost-variation analysis better reflects the reality and thus,
it is preferred for studies of resource usage, cost data at granular (patient) level
are often not available. An advantage of length of stay is the straightforward
way in which it is defined and hence, better accessibility on the patient level
(Street et al., 2012).

As already noted, when analyzing the impacts of DRG on healthcare sys-
tems, LOS is often considered as one of the criteria. Researchers either assess
the direct impact of DRG on LOS (for instance, Louis et al., 1999; Cheng et al.,
2012; Schuetz et al., 2011) or they evaluate the DRG systems based on their
ability of explanation of LOS variation (Street et al., 2012; Hakkinen et al.,
2012). Worth noting is the approach of Boes & Napierala (2021), who modi-
fied LOS to LOSC (the length of stay weighted by benchmark value), arguing
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that LOSC serves as a suitable measure for comparison of hospital performance
while also eliminating time trends.

Apart from studies connected with the assessment of DRG, length of stay
is also considered for other research questions — for instance, modeling of LOS
outliers — patients with extremely short or long LOS, and how to detect them
(Freitas et al., 2012; Lin et al., 2022; Felder, 2009). Another aim is to predict
inpatient LOS in order to achieve better coordination of healthcare services —
and prevent from the inefficient extension of LOS (e.g., Kiss et al., 2021; Stone
et al., 2022; Aghajani & Kargari, 2016).

Only a few studies investigate the development of LOS variation within
and between hospitals. However, as van de Vijsel et al. (2015) argue, this kind
of analysis is important for scientific as well as for policy-making purposes -
observing decline and stabilization of LOS variation might imply that further
improvements in efficiency are limited, while the opposite might hold for in-
crease in LOS variation. The study of van de Vijsel et al. (2015) is one of the
few that deals with the LOS variation over time and the first study that investi-
gates within and between hospital variation in case of Dutch hospitals between
1995 and 2010. Via linear-mixed models, the authors have found that trends in
LOS variations differ between procedures, but they see room for further LOS
reduction for all of them; within-hospital variance has been estimated to be
much greater than between-hospital variance.

Many studies deal with various factors that might affect the length of stay.
For example, Thomas et al. (2016) scrutinized the effect of malnutrition on
LOS, or Earnest et al. (2006) investigated the relationship between LOS and
time of admission. Even if the explanation of LOS variation is not the main
research question, researchers control for factors that might influence LOS.
Most frequently used factors are related to hospital characteristics, patient
characteristics, patient clinical data or treatment methods — examples of such

factors are summarized in Subsection 3.2.1 and Subsection 3.2.2.

3.2 Length of stay modeling in literature

Various approaches to the analysis of LOS using patient-level or administra-
tive data can be found in literature, depending on the study purpose. Some
studies adopt direct hypothesis testing using statistical tests (e.g., Louis et al.,
1999). The direct impact of DRG on length of stay is usually estimated us-
ing a difference-in-differences model (Boes & Napierala, 2021; Cheng et al.,



3. Recent research on length of stay 16

2012; Farrar et al., 2009); Schuetz et al. (2011) utilized multivariate adjusted
Cox models. Probit or logit models are employed, for example, in studies that
deal with LOS outliers (Freitas et al., 2012; Liu et al., 2010). Data mining
techniques are also innovatively used for predicting LOS (Aghajani & Kargari,
2016).

Regarding LOS variation in terms of hospital and patient characteristics
or treatment methods, either OLS, alternatively OLS with log transformation
(Tan et al., 2013; Earnest et al., 2006; Achanta et al., 2019), or count data
models are chosen. Concerning the count data models, the Poisson or neg-
ative binomial versions of the model appear to be among the most frequent
approaches used in the previous literature (Wolff et al., 2015; Carter & Potts,
2014; Epstein et al., 2010).

In order to combine patient and hospital characteristics, a two-stage model
could be utilized. This methodology served for evaluation of the DRG systems
in Europe within the project EuroDRG. The authors suggest a two-stage model
- in the first stage, they analyze the effect of patient characteristics on LOS
using unconditional Poisson or negative binomial regression. The authors use
variables such as the type of DRG group, patient characteristics and dummy
variables capturing the “fixed effects” of hospitals. In the second stage, the
estimated hospital effects are regressed on hospital characteristics to explain
the LOS variation between hospitals (Street et al., 2012).

3.2.1 Hospital characteristics

Regarding the examples of hospital characteristics and their effects that are
discussed in the literature, frequently mentioned variables are hospital size,
number of beds, number of doctors, hospital ownership, type of financing and
teaching status (Tan et al., 2013; Street et al., 2012; Freitas et al., 2012).

An empirical example might be the study of Yuan et al. (2000), who focused
on the association between hospital types and the length of stay, finding out
that not-for-profit teaching hospitals had a relatively longer LOS compared
to patients at different hospital types. The offered explanation is the medi-
cal education and research activities that are conducted at teaching hospitals.
However, the authors conclude that these hospitals overall perform better in
terms of mortality. Another study conducted by Freitas et al. (2012), which
analyze the proportion of LOS outliers, concludes that large teaching hospitals

have significantly more outliers than other hospitals.
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3.2.2 Patient-level characteristics

Employing patient characteristics is dependent on the source data and the ex-
tent of information about hospital cases that is available to researchers (Stone
et al., 2022). Patient-level characteristics are usually a mixture of sociodemo-
graphic variables and other clinical data.

The most frequently included patient characteristics are age and gender of
a patient (used by e.g., Street et al., 2012; Epstein et al., 2010; Schuetz et al.,
2011; Wolff et al., 2015). Sometimes, the dataset also allows the researchers to
control for insurance class (Boes & Napierala, 2021), nationality — immigration,
income, education level (van de Vijsel et al., 2015) or distance from patient
residence to the hospital (Freitas et al., 2012).

From the information about treatment, researchers often include informa-
tion about the severity of hospital case and the level of treatment complexity.
Street et al. (2012) or van de Vijsel et al. (2015) used Charlson index to cre-
ate severity levels. Geissler et al. (2012) considered the number of procedures
and patient’s diagnosis. Primary and secondary diagnoses were captured by
Boes & Napierala (2021). Tan et al. (2013) controlled for case’s emergency and
admission at the intensive care unit.

Data on patient admission and discharge are also often available — in ad-
dition to emergency admission, Geissler et al. (2012) also considered the type
of transfer in and transfer out. Further, Freitas et al. (2012) took the patient
decease into account. The time of admission has been a concern of Earnest
et al. (2006), who investigated not only the effect of the day of week but also
considered weekends, public holidays, and the exact time of admission.

Other clinical data contains information, for instance, about complications
such as urinary tract infection, wound infection (Street et al., 2012), laboratory
values (Achanta et al., 2019) or other clinical findings — body temperature, heart
rate, etc. (Schuetz et al., 2011). Some variables are procedure-specific — the
study of hip replacement LOS controls for the reason of replacement — fracture,
partial or revision (Geissler et al., 2012). Number of stents was incorporated
into the model for acute myocardial infection (Hékkinen et al., 2012). In case
of cholecystectomy, van de Vijsel et al. (2015) distinguished between the ways

the procedure has been carried out — laparoscopic procedure or open.
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3.2.3 Selection criteria of patient-level data used in litera-

ture

When dealing with patient-level data, researchers often provide information
on data cleaning as well as on the selection criteria for hospital cases that are
included in the final datasets that are further analyzed.

The main concerns are usually how to treat outliers, however, a universal
technique how to detect them does not exist. Various factors should be con-
sidered when choosing the appropriate methodological approach, especially the
purpose of the analysis (Freitas et al., 2012). The literature offers multiple
approaches how to deal with extreme values (inpatient days) in the dataset.
For instance, Street et al. (2012) considered hospitalizations with LOS at least
three times higher than the standard deviation of LOS as outliers and discarded
them. Lee et al. (2003) defined the extreme outliers as cases with LOS at least
three times higher than the average length of stay. Freitas et al. (2012) used the
trim point defined by the geometric mean plus two times standard deviations.
Pirson et al. (2013) determined outliers using the interquartile range (IQR)
approach. Lin et al. (2022) compared some of the above-mentioned techniques
and proposed a new one, which is based on lognormal distribution. Some stud-
ies define exact threshold for outliers — for instance, 365 days (Verburg et al.,
2014) or 65 days (Dismuke & Sena, 1999).

Besides outliers, another criterion that often appears in the literature is
age - for example, Tan et al. (2013) or Street et al. (2012) excluded patients
that are less than one year old — due to only few cases and different treatment
procedures. Schuetz et al. (2011) chose to focus on adult patients (patients
older than 18 years).

Another criterion is, for instance, the type of discharge — early discharges
and decease are omitted (Verburg et al., 2014; Earnest et al., 2006) or treated
separately (Dismuke & Sena, 1999). Some criteria are specific to the episode
of care — for example, Tan et al. (2013) excluded male patients in case of the

breast cancer.



Chapter 4

Data

This chapter introduces and describes the dataset used for the analysis of the
development of inpatient length of stay under DRG in Czech hospitals. First,
the data are presented from the general perspective - its origin, selection of
episodes of care as well as data coverage. Subsequently, the data cleaning pro-
cess is explained and lastly, the final dataset is introduced. The last section,
Section 4.5, is dedicated to descriptive statistics that starts with the analy-
sis from a broad context and combines also publicly available data, then it

continues with the description of data used for the analysis.

4.1 Data selection

The analysis in this thesis is based on the de-identified patient-level data, which
form multidimensional panel data (time, episode of care, hospital). The data
were provided by Advance Hospital Analytics, a company that focuses, among
other things, on analyzing hospital data in terms of expenses and resource
utilization. This type of data is usually used for benchmarking - the comparison
of one hospital with a benchmark value calculated from the rest of hospitals.
The data were processed by the author under the company’s supervision.
Dataset consists of patient-level data from 15 Czech public acute care hospi-
tals covering the period 2015-2019. Hence, the data cover the period when the
hospital cases were classified via IR-DRG. Hospitals can be divided either by
type - 8 university (teaching) and 7 regional hospitals, or by size - 8 large and
7 medium-sized hospitals. For defining the size categories, we use the criteria
of the number of hospitalizations per year and number of beds in the hospital.

Thresholds were defined based on expert consultations - large hospitals have
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more than 1,000 hospital beds and treat more than 40,000 patients a year; the
opposite holds for medium-sized hospitals. In addition, the first criterion has
also been used in previous literature, namely by Freitas et al. (2012) for group-
ing Portuguese hospitals. The list of hospitals considered for our analysis is
presented in Table 4.1. Due to data protection, from now on, hospitals will be

presented only in an anonymized form if it is necessary.

Table 4.1: Hospitals considered for the analysis

Hospital Type Size type
FN Brno university large

FN Krélovské Vinohrady university large

FN Motol university large

FN Olomouc university large

FN Ostrava university large

FN Plzen university large

FN u sv. Anny v Brné university medium-sized

Vseobecnd fakultni nemocnice v Praze university large

Nemocnice Jihlava regional medium-sized
Krajskad nemocnice Liberec regional medium-sized
Nemocnice Karlovy Vary regional medium-sized
Oblastni nemocnice Mlada Boleslav regional medium-sized
Nemocnice Ceské Budéjovice regional large

Nemocnice Pardubice regional medium-sized
Krajska nemocnice Tomase Bati regional medium-sized

Note: large ~ hospital with more than 40,000 hospitalizations per year and
more than 1,000 hospital beds

Source: Author’s compilation

In total, the information about approximately 708,000 hospital cases is
available to the author. Cases were selected from the original sample of all
hospital cases treated in the selected hospitals over the observed period in a
way to include a wide range of medical surgical procedures. Furthermore, cases
were grouped into 34 episodes of care based on the medical procedure that was
rendered and reported at a case. The reason why the analysis did not stick to

IR-DRG grouping, which was in place when our data were collected, is that
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DRG bases in IR-DRG were not homogeneous enough to analyze the changes
in length of stay.

An illustrative example might be the case of total replacement of hip and to-
tal joint replacement in the upper extremity. In IR-DRG, these cases belonged
to one DRG base - 0804. However, each of these episodes of care has a different
complexity of treatment and consequently, they differ in the use of resources.
The average length of stay (ALOS) for total hip replacement is approximately
7.8 days, whereas the average length of stay of total joint replacement in the
upper extremity is around 11 days. Thus, if we analyzed changes within this
DRG base over time, the analyses would be biased by the proportion of cases
per each episode of care within the base, and it might give us biased findings.
To prevent this, the two procedures are group into two separate episodes of
care.

In addition, episodes of care are defined by a group of medical procedures
that correspond to specific DRG bases and represent the key medical procedures
in specific DRG bases within the new CZ-DRG classification. Other selection
criteria for episodes of care and medical procedures were the number of cases
and the availability of data about those procedures within 5 years (2015-2019).
Moreover, different surgical methods were categorized separately (for instance,
open and laparoscopic cholecystectomy) to distinguish between the intensity
of procedures which may also influence the use of resources and patient length
of stay. Table 4.2 presents the selected episodes of care, which were grouped
based on clinical areas for clarity. Medical procedures defining each episode

of care as well as Czech names of episodes of care are enclosed in Appendix
(Table A.1).

Table 4.2: Episodes of care selected for the analysis

Clinical area Episode of care

Breast resection, Bowel resection, Laparoscopic
cholecystectomy, Open cholecystectomy, Closure
Surgery of defect with a skin flap, Gastrectomy, Anatom-
ical lung resection, Extra-anatomical lung resec-
tion, Tonsillectomy, Thyroidectomy, Parathyroid

tumor removal

) Hernia - children under 3 years, Hernia - children
Surgery - hernias ]
3-15 years, Hernia - adults
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Continuation of Table 4.2

Clinical area Episode of care

) Aortic valve procedures, Aortocoronary bypass
Cardiac surgery
surgery, Valve replacement

Catheter ablation - complex, Cardioverter - de-

Invasive cardiology fibrillator implantation, Pacemaker implantation,
PTA, PTCA
Vascular surgery Endarterectomy, Superficial limb vein surgery

Total joint replacement in the upper extremity, To-
Orthopedics tal hip replacement, Total knee replacement, Com-

plex arthroscopy, Reconstructive arthroscopy

Nephrectomy;, Transurethral — prostatectomy,
Urology ]

Transurethral resection of bladder tumor
Delivery Vaginal delivery, Cesarean section

Source: Author’s compilation

4.2 Cleaning the patient-level data

As mentioned above, we decided to group the medical procedures into sev-
eral episodes of care. Since multiple medical procedures are connected to one
episode of care, and more than one procedure is usually recorded at one hospi-
tal case, we face the problem of duplicate hospital cases in a dataset. Having a
hospital case more than once is not desirable since it can lead to biased findings,
as in such case, the only variable that differs is the type of procedure, while the
rest of the information about the hospital case is the same. Generally, various
analyses and calculations (e.g., average) would give higher weight to the case
that is recorded more than once in a group. Therefore, each patient was left in
the dataset only once. An adjustment has also been made in the case of inter-
connected episodes of care and patients that appeared in both groups, namely
in laparoscopic cholecystectomy and open cholecystectomy, anatomical lung
resection and extra-anatomical lung resection, or vaginal delivery and cesarean
section. For some hospital cases, where multiple procedures were recorded, the
case was assigned to both related episodes of care. Possibly, the patient was
treated using one approach, but then he/she had to be switched to the second
one. Having the case in both groups might also give biased findings because

LOS is noted for the whole hospital case, and one episode of care from the
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pair is usually less resource-demanding than the other. However, if the patient
also stayed in the less demanding episode of care, it would cause an upward
bias in terms of the length of stay for the given episode of care. Hence, the
cases that had recorded both laparoscopic cholecystectomy and open cholecys-
tectomy were left only in open cholecystectomy. In the case of lung resection,
patients were left in open lung resection. In the last case, vaginal delivery
and cesarean section, patients were assigned only to cesarean section episode

of care.

Censored length of stay

The next step of data cleaning was subtracting censored hospital cases, i.e.,
patients that died during the hospitalization or were discharged earlier or dis-
charged to another hospital. Such data is considered censored since it does
not give us information about the true LOS if the hospitalization had standard
progress. The Figure 4.1 illustrates the proportion of censored cases in the
data grouped by years; censored cases consistently represent approximately 8%
of all cases each year (marked as Another hospital and Death on the graph).

Hence, removing such cases would equally affect the number of cases each year.

Figure 4.1: Hospitalizations by type of discharge
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Trimming of outliers

In the next step of the data cleansing, we decided to omit cases with too long

length of stay (high outliers), which is also a frequent approach in the existing
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literature, as it was discussed in Subsection 3.2.3. In order to identify such
cases, we used the definition through IQR and extreme outlier, which is defined

as a value greater or equal to third quartile (@)3) plus three times interquartile

range (Q1 — @3) :
high outlier = {x|z > Q3(z) + 3 - (Q3(x) — Q1(z))}. (4.1)

Extreme cases are not considered in the analysis because even though they
have appropriate medical procedures to be categorized in one of the defined
episodes of care, there might be another more serious reason for their hospi-
talization that we are not able to control for using our data. Moreover, we
discarded only the extreme outliers, as in one part of the analysis, we are in-
terested in the development of variance in LOS. If we chose a stricter rule for
the identification of outliers, we would lose the variance in data that we would
like to investigate. Applying this methodology for each episode of care in each
year separately, 3.8% of cases from the total sample have been determined as

extreme outliers.

After the previous step of the data cleansing process, further inspections regard-
ing possible administration errors were carried out - for example, we discarded
male patients from vaginal delivery and cesarean section episodes of care. Af-
ter the whole data cleansing process, our final data set used for the analysis

consists of approximately 537,000 observations.

4.3 Data coverage

Before moving to the description of variables, it is worth estimating the coverage
of our data, i.e., how large our sample is compared to the population - all
hospital cases in the Czech Republic. At the general level, there were 194
hospitals in the Czech Republic in 2019, while our data contains hospital cases
from 15 hospitals, which accounts for 7.7% of the total number of hospitals.
However, in terms of university hospitals, we analyze data from 8 out of 12
Czech university hospitals.

Regarding hospital cases, 1.9 million of hospital cases were treated in Czech
acute care hospitals in 2019 (CZSO, 2022a). Our sample includes data about
125,980 cases treated in 2019, which stands for approximately 6.5% of all hos-
pitalizations in the Czech Republic in that year.
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Moving further to the individual episodes of care, we are able to estimate the
coverage of our sample within episodes of care by linking it with the CZ-DRG
base or group, for which we have available the total numbers of hospital cases
in 2019 (information was provided by Advance Hospital Analytics). Based on
this approach and considering only the selected episodes of care, our data cover
approximately 30-40% of all relevant hospital cases treated in 2019 in the Czech

Republic. However, the coverage varies across episodes of care.

4.4 Patient characteristics

The analyzed patient-level data provide us with information on all individual
cases that were recorded in the selected hospitals during the selected time
period 2015-2019. One observation represents one medical procedure recorded
to a hospital case. Thus, one observation captures information about the type
of procedure, the anonymized identification number of hospital case, the date
on which the procedure was conducted, and additional information about the
hospital case, for instance, the date of admission, the date of discharge, length
of stay at intensive care unit, the type of discharge, gender, age, and the DRG
structure which the case follows. A more detailed description of variables that
will be included in the analysis can be seen in the following Table 4.3, summary

statistics of categorical variables is included in Appendix (Table A.2,A.3).

Table 4.3: Patient-level data: Variables overview

Variable Description Values
Mean: 5.86
Inpatient length of stay measured )
. Median: 5.0
Length of stay in days and calculated as the date
. . St. dev.: 4.09
(LOS) of discharge minus the date of ad- ‘
o Min: 1.0
mission plus one
Mazx: 72.0
Mean: 0.75
Intensive care unit Median: 0.0
The number of days a patient
length of stay ) ) } ] St. dev.: 2.10
stayed in the intensive care unit
(LOS - ICU) Min: 0.0

Max: 67.0
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Continuation of Table 4.3

Vartable Description Values
Year in which a patient was dis-
) ] ) year 2015
Year of discharge  charged, which is considered as
(Year) the year to which the hospital )
] . year 2019
case is categorized
Age of patient, recorded as decen-
nium, thus it is a categorical vari- DEC 01
Age group able. For example, patients be- -
longing to category DEC 02 are DEC 10
from 10 to 19 years old
Categorical variable indicating if male
Gender . :
a patient is a male or a female female
Complicati ithout CC
ompheations Variable serving as a proxy for the ot
and . . ) with CC
bideti severity of hospital case, derived h MOC
comornuautes from IR-DRG classification U_JZ )
(CC) without split

Type of discharge

Categorical variable capturing

the type of discharge

home

social care facil.

Hospital

Hospital where a patient was hos-

pitalized

See Table 4.1

Episode of care

A group of procedures to which a
patient belongs based on the ren-

dered procedure

See Table 4.2

Note: social care facil. = social care facilities

4.5 Descriptive statistics

In this section, the descriptive statistics of our data will be presented and
discussed. Moreover, the data will be put into a broader context. Firstly, the
Czech Republic will be compared with other European countries. Subsequently,

our data sample will be compared with the general data collected by the Czech
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Statistical Office (CZSO) and the Institute of Health Information and Statistics
of the Czech Republic (UZIS).

European context

Starting with the comparison at the European level, the Figure 4.2 below com-
pares the average length of stay (ALOS) in selected European countries in
2019 using data from OECD (2023), where only acute cases are considered.
The dashed line depicts the average of European countries. The average length
of hospital stay in the Czech Republic in 2019 was 5.7 days, which is fairly
below the European average (6.4 days), ALOS is lower only in 4 out of 20
displayed countries. The Netherlands reports the lowest average length of stay
of 5.1 days; in comparison, Portugal has the highest ALOS of 9.2 days.

Figure 4.2: Average length of stay in OECD countries (2019)
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Length of hospital stay in the Czech Republic

According to data available at CZSO (2022a), LOS in Czech acute care hospitals
has decreased over the last decade. In 2010, the ALOS was 6.5 days. Since
then, the ALOS has declined by 0.7 days. The development is depicted in the
Figure 4.3.

During the 5 years (2015-2019) that are also captured in our data, we can
observe a gradual decrease in ALOS by 0.2 days. The last two years, for which



4. Data 28

data are available at CZSO (2022a), were marked by the COVID-19 pandemic.
In these years, the ALOS slightly grew compared to the last pre-pandemic year
2019, precisely by 0.1 days in 2020 and by 0.2 days in 2021.

Nevertheless, the effect of the COVID-19 pandemic is more evident in the
number of hospitalizations, the development of which is also displayed in the
Figure 4.3. While the number of hospitalizations fluctuated moderately from
2010 to 2014 and slowly decreased from 2014 to 2019, it experienced a signifi-
cant drop in the pandemic years 2020 and 2021, when the number of hospital-
izations declined by approximately 400,000. This trend reflects the restrictions
of non-emergency and planned hospitalizations that hospitals had to postpone
to ensure sufficient capacity (hospital beds and medical staff) for the treatment
of patients suffering from COVID-19 (Pradovd, 2021).

Figure 4.3: Hospitalizations in Czech acute care hospitals
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Length of stay in our data

In our data, the average length of stay slightly differs from the data from CZSO
(2022a) because not all medical procedures were considered for the analysis,
and the sample of hospitals is limited as well. In the Figure 4.4, the left columns
depict the development of ALOS in our sample, while the right ones show the
development of ALOS in the intensive care unit. The trend of decreasing length
of stay can be observed - the ALOS dropped by approximately half a day from
6.1 days in 2015 to 5.7 days in 2019. However, the average LOS - ICU changed
only slightly; it decreased from 0.9 to 0.8 days. This measure, however, also
includes the episodes of care for which the treatment at the intensive care unit
is not usual - the average of such episodes of care is close to zero (for example,

laparoscopic cholecystectomy or vaginal delivery). Moreover, 73.4% of hospital
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cases in our sample were not hospitalized at ICU. If we remove the episodes
of care for which hospitalization at ICU is not usual from our calculations, the
average length of stay in the intensive care unit increases to 1.3 days in 2015
and 1.1 days in 2019.

Figure 4.4: Average length of stay in our data
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LOS by gender and age groups

In the analysis of LOS development over time, we also consider patient char-
acteristics that might have an effect on patient’s length of stay - one of such
variables is the patient age. According to UZIS (2021), older people generally
tend to have longer LOS. More precisely, the LOS increases especially after the
age of fifty. This trend can be also observed in our data (Figure 4.5), where
age is grouped by decennia. DEC 01 stands for patients aged 0-9 years, DEC
02 groups the patients aged from 10 to 19 years, etc. Children (DEC 01) usu-
ally have lower ALOS, then the ALOS increases but is quite stable until the
age of fifty (DEC 05). After that it starts to grow gradually until the age of
eighty (DECO08) when it drops. The decline for the last two depicted decennia
might be caused by the limited sample in these groups and different proportion
of treated cases in episodes of care - these older people could have undergone
illnesses that have shorter LOS.

Figure 4.5 illustrates the described development, the bars capture the ALOS
of all patients belonging to the given decennium, while lines show the ALOS by
gender. This figure indicates that women have slightly longer LOS than men,
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which is in contradiction to UZIS (2021). According to UZIS (2021), LOS of
men is longer at the age from 20 to 70, after that the situation changes and the
ALOS of women is longer. The discrepancy between our data and UZIS might

again be caused by the selection of episodes of care.

Figure 4.5: Average length of stay by gender & age groups
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LOS by the level of complications & comorbidities (CC)

Another factor that might influence patient’s length of stay is the level of
complications and comorbidities. This variable serves in our analysis as a
proxy for the severity of the case. It is derived from patient’s IR-DRG group
to which the patient was assigned. Thus, we can distinguish between 4 levels
- the first three groups indicate the level of complications and comorbidities
- without CC, patient with CC, patient with MCC. The last group, called
without split, indicates that the hospital case was assigned to the DRG base
that is not further split by the CC level. Therefore, in this situation, we are
not able to determine the severity of hospital case. Figure 4.6 depicts the
development of ALOS grouped by CC level. The graph suggests that people
with a higher level of CC have on average longer LOS, which is in line with
the intuition. It also offers us an interesting insight into the development of
LOS over time. While the ALOS of patients with MCC did not change from
2015-2018 and even increased in 2019, the ALOS of patients in other groups
decreased. The explanation for this trend might be that the hospitals managed
to decrease LOS for less severe cases, whereas for more severe cases, they were
not able to influence LOS that much.
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Figure 4.6: Average length of stay by patients’” CC level

125
11.9 11.9 117 11.9
9.6
7.9
7.4 7.3 7.3 71 7.2 6.8
6.2 6.5 :
54 53 5.2 5.1 5.1

2015 2016 2017 2018 2019

—_ a4 g
© o =N W

ALOS (days)

O =N wWwHUoO N ©

without CC [l with CC [l with MCC without split

Source: Author’s compilation

LOS by hospital type

The last graphical representation is dedicated to the comparison of LOS by
hospital size, distinguishing between large and medium-sized hospitals. This
categorization, however, is consistent with the division of hospitals by type
to university and regional with the exception of two hospitals. Figure 4.7
illustrates the development of the average length of stay calculated in two size

groups of hospitals.

Figure 4.7: Average length of stay by hospital size
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The decline in ALOS can be observed in both groups; also the change
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between 2015-2019 is similar: 0.4 days for large and 0.3 days for medium-sized
hospitals. The average length of stay is consistently longer in large hospitals
compared to medium-sized hospitals. It might be caused by the structure of
patients treated in each type of hospitals, as more complicated cases are usually
admitted in large hospitals, whereas less complicated cases are hospitalized in

medium-sized hospitals.



Chapter 5
Methodology

This chapter introduces the methodology that is used in this thesis to investi-
gate the efficiency changes in inpatient care provision under the DRGs, mea-
sured by inpatient length of stay. In the first part of the analysis, we are inter-
ested whether the length of stay experienced significant statistical and clinical
changes over time. In the second part, we investigate the hypothesis of stan-
dardization of care provision, measured by the development of LOS variation
(specifically standard deviation of LOS). This chapter starts with formulating
concrete hypotheses in Section 5.1. Next, the methodology is discussed, reflect-
ing the structure of the analysis. First, the model for length of stay is explained

in Section 5.2, then model for LOS variation is described in Section 5.3.

5.1 Hypotheses and their motivation

Although some foreign literature analyzing patient-level data and length of
stay under DRG systems already exists, to the best of author’s knowledge,
there do not exist such studies concerning Czech patient-level data. Specifi-
cally, this study aims to scrutinize changes in efficiency of inpatient care in the
Czech Republic between 2015 and 2019 under the DRG-based reimbursement
mechanism. Focusing on inpatient length of stay, we formulate the following

hypotheses:

Hypothesis #1: After the introduction of DRGs, hospitals were motivated
to improve the efficiency of inpatient care, and thus, inpatient length of stay
decreased significantly over time.

The decrease in length of stay can be observed from the aggregated data
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available from CZSO (2022a). However, we would like to analyze the trend
after controlling for patient characteristics and other covariates. Our data cover
the period that starts shortly after the implementation of DRG classification,
which motivates more efficient healthcare provision that can also be measured
by length of stay.

Even though the broader implementation of DRGs came into force already
in 2012 and our data start three years later, we believe that the changes in hos-
pitals” behavior were not sudden, but hospitals might have reacted with a lag
and adapted the healthcare provision gradually. Moreover, our data capture
the year when the preparation of refining Czech DRG started, project DRG-
restart was launched, and it was confirmed that the Czech Republic would stick

to the DRG-based reimbursement mechanism regarding inpatient care.

Under the hypothesis that the LOS development was not the same everywhere
but might differ depending on hospital type, patient severity levels, or might
have been experienced only for some episodes of care, we formulate three other
hypotheses that extend the first hypothesis #1:

Hypothesis #1a: The size of the decrease in length of stay varies between
hospital types.

Hospital size might affect the approach of the hospitals. The operation of
large hospitals differs from medium-sized hospitals. The differences in hospi-
tal efficiency were already noted by Votdpkova et al. (2013) and Mastromarco
et al. (2019). Thus, we would like to distinguish between the hospital types and
analyze the time trend separately. We split our dataset by the size of hospitals
in order to analyze whether the potential changes are driven only by one type

of hospital, or if the size of the change differs.

Hypothesis #1b: The length of stay decreased more for less severe hos-
pital cases - patients without complications and comorbidities, compared to
LOS development of more severely ill patients - patients with complications
and comorbidities.

Generally, systemic changes are easier to be implemented for less compli-
cated cases. As for evaluating of hypothesis #1b, we subset our data set to
patients without CC, with CC, and patients with MCC and compare the LOS

development between these samples.
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Hypothesis #1c: The development of length of stay differs across different
episodes of care.

The LOS time trend is evaluated for five selected episodes of care separately
- namely, for laparoscopic cholecystectomy, bowel resection, PTCA, hip replace-
ment, and delivery. Heterogeneous episodes of care were chosen, meaning that
they belong to different clinical areas and they also differ in other aspects, such

as the intensity of treatment or the characteristics of treated patients.

Hypothesis #2: Hospitals tended to standardize the healthcare provision
- the standard deviation of length of stay decreased over time.

With the standardized reimbursement per hospital case with a certain di-
agnosis under the DRG system (~ hospital revenue), hospital costs (~ length
of stay) should be standardized as well. Thus, we expect to observe a decline
in LOS standard deviation.

5.2 Length of stay (LOS) models

5.2.1 Theoretical background

As mentioned in the Section 3.1, length of stay is usually used to evaluate
the efficiency of hospitals when information about the cost of hospitalization
is not available. Length of stay, measured in days, is a count variable - the
discrete nature of this regressand has to be taken into account when choosing
the appropriate methodology. Regarding count data models, Poisson or nega-
tive binomial (NB) models are usually applied (e.g., Epstein et al., 2010; Street
et al., 2012; Wolff et al., 2015).

The selection criterion between these two models is the level of dispersion
in the data, i.e., Poisson regression assumes equidispersion - the equality of
conditional mean and variance: p = E (y|x) = Var (y|x). However, in the
case of length of stay, it often happens that this assumption is violated and the
data are overdispersed - the distribution of LOS is right skewed and variance
is higher than mean. In that case, the negative binomial model is preferred for
overdispersed data. The most frequently used NB model (Cameron & Trivedi

(1998) call it NB2) assumes variance as a quadratic function of mean:

Var (ylp, ) = p+a-p?a>0. (5.1)
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And the probability density function has the following form:

 Ty+ah at % L v
1 = it () () v 62

where I'(.) is a gamma function and « is a dispersion parameter. When «
goes to 0, the NB model converges to Poisson model. The overdispersion can
be verified by a test based on testing the dispersion parameter alpha with the
null hypothesis Hy : @ = 0 ~ no overdispersion present, versus the alternative
hypothesis Hy : o # 0 ~ overdispersion present (Cameron & Trivedi, 2005;
1998).

Truncation

The length of stay variable in our data has another important feature - trun-
cation at zero, meaning that no hospital case has a zero length of stay. Thus,
zero-truncated Poisson or zero-truncated negative binomial should be applied.

For zero-truncated (Z7T) models, the density function has the following form:

f (yl0) _19
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(5.3)

where 6 is a parameter vector and F'(.) is the cumulative distribution func-
tion of the respective distribution - Poisson or negative binomial (Cameron &
Trivedi, 2005). Summing up, based on the assessment of LOS distribution and
the test for overdispersion, we will use either zero-truncated negative binomial
(ZTNB) or zero-truncated Poisson models for investigating the time trend of
length of stay and for evaluating the first set of hypotheses #1 & #1la - #lc.

Coefficient interpretation

Since both negative binomial and Poisson are non-linear models, the size of
regression coefficients cannot be directly interpreted. Hence, our results will
be presented in the form of incidence rate ratios (IRR) and marginal effects at
means (ME). Incidence rate ratios are calculated by exponentiation of coeffi-
cients and allow for multiplicative interpretation. Regarding marginal effects,
when the variable is a dummy variable, the effect is calculated as the discrete

change as the dummy variable changes from 0 to 1.
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5.2.2 Model specification

Our model is highly inspired by the model proposed by Street et al. (2012) for
examining how well diagnosis-related groups explain variations in LOS using
patient-level data and hospital characteristics, the model mentioned in Sec-
tion 3.2. In our analysis, we use the first stage of the model with several
adaptations. We extend the model with the variable year to analyze the main
research question - the development of LOS over time. We employ the vari-
able as a dummy for each year, leaving year 2015 as a reference group), which
should capture the time effects in the model. Then, instead of DRG groups,
we use episodes of care, but we also include patient characteristics and dummy

variables for hospitals.

Baseline model

The baseline model equation has the following form:

4 6
LOS; = f(a + Z Bj - yearj; + Z Vi - age_groupy; + 01 - gender;+
j=1 k=1

3 14
+ 09 - ICU; + Z €, -CCri + Z o, - hospital,, i+ (5.4)
=1 m=1
33
+ Z An - episode_of care,; + ui>,

n=1

where LOS is the length of stay of patient i, « is a constant, u; is an
error term, f3,7,9, €, i, A are estimated coefficients for respective independent
variables. Regressors are selected categorical variables from Table 4.3. Type
of discharge was not included in the model, because the majority of hospital
cases (97.8%) were discharged home. Moreover, the variable LOS-ICU was
transformed to a dummy variable. Further explanation and expected effects of

independent variables are summarized below.

Model independent variables and expected effects

e Year: a dummy variable was created for each year; thus, we have five
levels year 2015 - year 2019, year 2015 was selected as a reference group
in the model. We expect to observe decreasing time trend, thus variables
year 2016, year 2017, year 2018, and year 2019 should have negative
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(statistically significant) effect compared to the reference year 2015. The
size of the effect should increase with the year, meaning that the effect
of year 2019 should be larger than the effect of year 2018. The effect of
year 2018 should be larger than the effect of year 2017, and so on. This
is the main variable of interest with which we aim to evaluate the first
hypothesis #1.

o« Age group: since we assume that age will have a significant effect,
especially in higher decennia, we decided to slightly regroup the data.
We grouped the second, third, and fourth decennium (people aged 10-39
years) since we do not assume much variability in LOS with respect to
these age groups. This group, DEC 02-04, was defined as the base group.
Moreover, we group the last two decennia DEC' 09, and DEC' 10 (people
aged 80+) because the latter group contained only a few observations.
With higher age, LOS is assumed to be longer. Thus, dummy variables
DEC 06, DEC 07 and DEC 08-10 should have a positive effect. More-
over, we expect that the size of this effect will increase with higher age

groups.

e Gender: by including this variable, we control for potential effect of
gender on LOS. Male gender was chosen as the reference group. As can
be seen in Figure 4.5, women have slightly longer LOS in our sample,

hence we expect a positive coefficient for this variable.

e ICU: ICU is a dummy variable equal to one if a patient spent at least
one day of his/her hospitalization in the intensive care unit. It can be
expected that these patients might have longer LOS. This variable is
partially connected to the severity of case; however, there is only a weak
correlation between CC level and dummy ICU, which indicates that the
variable /CU might also be related to the treatment methods - sometimes
a patient is placed to ICU after a procedure, disregarding the severity of
illness. Moreover, some treatment processes do not allow to discharge a
patient from the hospital to home directly from ICU, and he/she must

stay some more time in the general ward. These all might prolong LOS.

o CC': four dummy variables were created to distinguish between the four
CC levels (without CC, with CC, with MCC, without split). More com-

plicated cases are expected to have longer LOS compared to the cases
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without complications and comoridities (without CC'), which were de-

fined as a reference group.

e Hospital: dummy variables for each except one hospital listed in Ta-
ble 4.1 were included in the model in order to control for hospital char-
acteristics that might influence the length of stay, for instance, hospital

size, number of doctors, and hospital beds.

o FEpisode of care: dummy variables for each but one episode of care
listed in Table 4.2 were added to the model. They should capture the
effects of episodes of care and the LOS variation caused by differences
in severity and treatment methods between episodes of care. Vaginal
delivery, as one of the episodes of care with the highest number of hospital

cases, was left as a reference group.

Model extensions

We can obtain information on the general time effect from the baseline model
(later also denoted as Full sample model). However, we miss the insight into the
development of individual episodes of care, and we cannot evaluate potential
differences in time effects between different hospital types or between patients
with different illness severity levels. In order to get a better understanding of
the potential heterogeneity of LOS development, we run models on three types
of subsamples in order to get a better comprehension of the potential drivers
of LOS development.

1. Large and medium-sized hospitals - the model will be regressed sepa-
rately for samples of patients treated in large and medium-sized hospitals.
Such division should evaluate the hypothesis that the development of LOS
is driven by only one type of hospitals or that the size of the effect dif-
fers between large and medium-sized hospitals (hypothesis #1a). From
now on, for simplicity, we will refer to the models concerning this type of

subsamples as Large and Medium-sized.

2. Subsamples by CC level - As can be seen from Figure 4.6, there is
evidence of a slightly larger decrease in LOS rather for hospital cases
without complications and comorbidities. In order to explore this trend
more and to evaluate hypothesis #1b, we will run a model only for the

sample of patients without CC to evaluate how the size of the effect will
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change, and we will compare it with the models concerning the sample of
patients with CC and the sample of patients with MCC. From now on, for
simplicity, we will refer to the models concerning this type of subsamples
as Without CC, With C'C, and With MCC.

3. Episodes of care separately - to be able to explore the LOS devel-
opment in the individual episodes of care more (hypothesis #1c), the
baseline model will be estimated for five selected episodes of care sep-
arately, namely - laparoscopic cholecystectomy, bowel resection, PTCA,
total hip replacement (from now on called hip replacement), and delivery

- which comprises both, vaginal delivery and cesarean section.

The selected episodes of care were chosen primarily based on the number
of cases with the aim of analyzing episodes of care with a high number of
treated cases. Then, heterogeneous episodes of care were selected - that
is, the selected episodes of care belong to different clinics (orthopedics,
cardiology, surgery, ... ), represent different types of treatment processes
and complexity of procedure - for example, hip replacements are usually
planned, whereas bowel resection is usually an acute procedure. More-
over, the selected episodes of care are also heterogeneous in terms of the
usual patients’ age. People undergoing hip replacement are usually older,

while delivery is common in women in younger age.

The models differ from the baseline model, mainly in the sample selected;
only minor adjustments to independent variables are made. The categorical
variable C'C' is omitted in Without C'C, With CC, and With MCC models. In
episodes of care models, categorical variable episode of care is omitted except
for the Delivery model, in which we distinguish between vaginal and cesarean
delivery. Moreover, age groups are recategorized to be meaningful for each
episode of care. For instance, patients hospitalized because of a hip replacement
or PTCA are usually older patients, while patients undergoing delivery are
mostly women of productive age. Moreover, one more adjustment was made
to the Delivery model, that is, omitting variable gender, since this variable is

not relevant in this case.

Clustered standard errors

In all models, clustered robust standard errors are estimated. Standard errors

in models for individual episodes of care are clustered at the hospital level; in
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the remaining models, standard errors are clustered at the level of episodes of

care.

5.3 Model for the development of variation in LOS

In the second part of the analysis, we will focus on variation in LOS measured
by standard deviation. We will evaluate hypothesis #2 that not only the length
of stay decreased in general, but also its standard deviation. In other words, we
aim to investigate if inpatient care has been standardized under standardized

reimbursement.

Model specification

As in the first part of the analysis, models will be run concerning various
samples. First, LOS variation will be examined on the full sample. Then,
the sample will be split into subsamples by two variables - subsamples based
on hospital type (separate models for large and medium-sized hospitals) and
subsamples based on severity level (separate models for the three CC levels).
Lastly, the regressions will be run for the five selected episodes of care.

To evaluate the hypothesis of decreasing variation, we employ an ordinary
least squares (OLS) regression. First, the standard deviation of length of stay
(sd(LOS)) is computed separately for each episode of care in each hospital in
each year. Standard deviations computed from small samples were omitted
because of loss of robustness and potential bias caused by an outlier in a sam-
ple that would significantly affect the standard deviation. In other words, we
discarded standard deviations computed from a sample of 30 or fewer observa-
tions. The computed standard deviation serves as the dependent variable. It is
regressed on the following independent variables. Variables of interest are year
dummy variables serving as time effects, and which will be compared with the
reference group - year 2015. They are accompanied by two other sets of dummy
variables, the first one represent the type of hospital, the second set captures
the episode of care. To avoid multicollinearity, one hospital and one episode
of care are not included in the model and form the baseline groups. Moreover,
variable without CC ratio is added and expresses a proportion of cases without
CC in a given year, episode of care, and hospital.

Using OLS regression requires evaluating its assumptions. To fulfill the

assumption of normal distribution of a dependent variable, and because the
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standard deviation in our samples is right-skewed, we used a log-linear model,
where the dependent variable is put into a logarithm. The potential problem of
heteroscedasticity is addressed by robust standard errors that are clustered in
the same way as models in the first part of the analysis. In Full sample, Large,
Medium-sized, With C'C' and Without C'C models, standard errors are clustered
at the level of episodes of care, in models for episodes of care, standard errors
are clustered at hospital level.

Summing up, we regress the LOS standard deviations on time effects, two
types of categorical variables, and without C'C ratio. The regression equation

can be expressed as:

4 14
log(sd(LOS)) .y = a+ Y Bj-year; + Y i - hospital,+
j=1 k=1
33
+ Z 0 -episode_of care; + €-without CC_ratioji + wjn
=1

(5.5)

where log(sd(LOS)) is the logarithmic form of standard deviation of length
of stay in year j, hospital k, and episode of care [. Year, hospital, episode of care,
and without C'C' ratio represent the above-mentioned independent variables; «
is a constant, (3,7,9,€ are the estimated coefficients, wu; is an error term.
The regression equation is adjusted to each subsample — without CC' ratio is
discarded in Without CC, With CC, and With MCC models; episodes of care
are omitted in episode of care models. Another variable - share of cesarean
sections is included in Delivery model to capture the share of vaginal deliveries
and cesarean sections that can potentially influence the standard deviation of
length of stay.

As mentioned, the main variable of interest is again the categorical variable
year. Leaving year 2015 as the reference group, we expect to observe a similar
decreasing effect as in the first part of the analysis - LOS models. Since we use

log-lin models, the coefficients will be interpreted as percentages.



Chapter 6
Results

In this chapter, the author would like to present the results of the conducted
analysis of changes in inpatient care provision when hospitals operate under
DRG. The results concerning the development of length of stay are presented in
two parts. Firstly, in Section 6.1, the author describes the results of the baseline
— Full sample model and models on two types of subsamples (large vs. medium-
sized hospitals and patients without CC vs. with CC vs. with MCC). Then,
the author summarizes the models by episodes of care in Section 6.2. Results
of models for LOS variance over time are divided similarly and presented in
Section 6.3. The last part of this chapter is dedicated to evaluating hypotheses

in Section 6.4 and discussing limitations in Section 6.5.

6.1 LOS models

Starting with the results that focus on the development of inpatient length
of stay, in this section, the author presents the results of models that were
specified in the Section 5.2, concerning full sample, and two types of subsamples
based on hospital size and patient severity. Since the whole model results are
too extensive to be presented and described in one table, in this chapter, the
results are summarized in smaller parts, while the full results are included in
the Appendix (Table A.4 and Table A.5). Firstly, estimated effects of the main
variable of interest, time, are discussed, and consequently, other covariates,
patient characteristics, are presented. Results are interpreted either in terms
of marginal effects or as incidence rate ratios since both absolute and relative
measures provide valuable information.

In all results tables presented in this section, the Full sample model results
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are stated in the first column, results of models concerning only large and
medium-sized hospitals are listed in the second and third columns, and results
for samples of patients without CC, with CC, and with MCC are shown in the
fourth, fifth and sixth columns, respectively.

All models, except for the Without C'C model, were estimated using zero-
truncated negative binomial model since the dependent variable (LOS) exhibits
overdispersion, as can be seen from Figure 6.1 and the table of summary statis-
tics (Table 6.1) below. In these samples, its distribution is right-skewed with
variance higher than the mean. The application of NB distribution was also
verified by the overdispersion test, in which we could reject the null hypoth-
esis of no overdispersion at 1% significance level in all five models. When
estimating the Without C'C' model, we could not reject the null hypothesis of
equidispersion, and thus, the model was estimated using the zero-truncated
Poisson model. Standard errors were clustered at the level of episodes of care

in all six models, and they are provided in all tables in parentheses.

Figure 6.1: Histograms of length of stay in examined samples
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Table 6.1: Summary statistics of length of stay in examined samples

2015-2019 2015 2019
Sample

N Mean SD Var Min/Maz | Mean SD Mean SD
Full sample 536,782 5.86 4.09 16.73 1/72 6.10 4.44 5.71 3.95
Large hospitals 392,728 5.99 4.21 17.72 1/72 6.21 4.47 5.84 4.11
Medium-sized hospitals | 144,054 5.48 3.71  13.76 1/54 5.69 4.31 5.40 3.53
Patients without CC 420,462 5.22 2.90 8.41 1/52 5.42 3.12 5.07 2.74
Patients with CC 92,337 7.26 4.98  24.80 1/71 7.41 5.15 7.24 4.98
Patients with MCC 21,764 11.99 9.21 84.82 1/72 11.90 9.88 12.54 8.92

Note: N=number of observations; SD=standard deviation; Var=variance

6.1.1 LOS over time

In five out of six models, we observe statistically significant negative effects
of year dummy variables (Table 6.2 and Table 6.3). Regarding the Full sam-
ple model, the model estimates that hospitalizations in 2016 were on average
shorter by 0.05 days in comparison to the year 2015. The effect is larger with
each additional year which illustrates the downward trend in length of stay.
Cases treated in the last observed year 2019 had shorter LOS by 0.32 days, ce-
teris paribus. The dummy variables of individual years indicate that the trend
is not linear but size of changes differ year-to-year.

Even though we control for other possible causes of LOS changes in our
models — mainly patient characteristics, but also hospital effects, the design
of our study does not allow us to attribute the change over time fully to the
implementation of DRG system. However, our finding describes the develop-
ment that is intended when DRGs are introduced. Our findings correspond
to the previous literature from Germany and Switzerland, which identifies the
decrease in LOS under DRG (e.g., Bocking et al., 2005; Koné et al., 2019).

In broader context, an average hospital in our data set treated approxi-
mately 7,500 cases in 2019. The average decrease in length of stay (0.3 days)
multiplied by the number of yearly treated cases equals 2,250 bed days that an
average hospital saved in 2019 compared to a hypothetical scenario in which
LOS would remain unchanged in the observed period. The saving of 2,250 bed
days in an average hospital indicates the average saving of resources that a

hospital can reallocate and possibly treat more patients.
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Table 6.2: Year of discharge (Marginal effects)

(1) (2) 3) (4) (5) (6)
Full sample Large Medium-sized ~ Without CC ~ With CC ~ With MCC

Year of discharge
(base = year 2015)

year 2016 -0.049* -0.041 -0.104** -0.025 -0.091 0.503***
(0.030) (0.030) (0.043) (0.072) (0.065) (0.154)
year 2017 S0.155%**  -0.141%** -0.226** -0.218** -0.236*** 0.035
(0.039) (0.037) (0.055) (0.087) (0.087) (0.167)
year 2018 S0.267F%%  0.254%** -0.343%%* -0.4207%%  -0.402*** -0.215*
(0.045) (0.057) (0.052) (0.091) (0.090) (0.115)
year 2019 -0.323%%%  (.327%** -0.368%** -0.383%*  _0.391*** -0.131
(0.045) (0.054) (0.067) (0.088) (0.081) (0.214)
Model ZTNB ZTNB ZTNB ZT Poisson ~ ZTNB ZTNB
Observations 536,782 392,728 144,054 420,462 92,337 21,764

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;
**p<0.05; ***p<0.01. Complete results are shown in Table A.4 in Appendix.

Table 6.3: Year of discharge (Incidence rate ratios)

(1) (2) 3) (4) (5) (6)
Full sample Large Medium-sized ~ Without CC ~ With CC With MCC

Year of discharge
(base = year 2015)

year 2016 0.991* 0.993 0.980** 0.986** 0.987 1.050%**
(0.005) (0.005) (0.008) (0.005) (0.010) (0.016)
year 2017 0.971%**  0.974%** 0.956*** 0.972%** 0.965%** 1.003
(0.007) (0.007) (0.010) (0.006) (0.013) (0.017)
year 2018 0.951***  0.954*** 0.933*** 0.951%** 0.940%** 0.979*
(0.008) (0.010) (0.010) (0.007) (0.013) (0.011)
year 2019 0.940%**  0.941%** 0.928*** 0.934%*+ 0.942%** 0.987
(0.008) (0.010) (0.013) (0.007) (0.012) (0.021)
Model ZTNB ZTNB ZTNB ZT Poisson ~ ZTNB ZTNB
Observations 536,782 392,728 144,054 420,462 92,337 21,764

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;
**p<0.05; ***p<0.01. Complete results are shown in Table A.5 in Appendix.

6.1.2 Models by hospital size

The comparison of large and medium-sized hospitals indicates that a larger
change in LOS over time was experienced in medium-sized (mainly regional)
hospitals. Specifically, in medium-sized hospitals, LOS decreased by 0.37 days
(~ 7.2 %) from 2015 to 2019, whereas in large hospitals, the decrease was
only 0.33 days (~ 5.9%). This result might have various explanations — first,
medium-sized hospitals usually treat less complicated cases (the average yearly

share of patients without CC in medium-sized hospitals in our data is 81% com-
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pared to 77% in large hospitals), for which changes in inpatient care provision
are easier to be implemented.

Second, large hospitals might be generally less resilient toward systemic
changes because the organizational structure in those hospitals might be more
complex. Thus, implementing changes in treatment methods leading to a de-
crease in length of stay or enhanced hospital efficiency might take longer. It
might be supported by conclusions of Votdpkova et al. (2013), who note that
larger and teaching hospitals tend to be less efficient. However, when Mastro-
marco et al. (2019) extended the previous study of hospital efficiency by taking
into account also hospital DRG case-mix and the variable for publications and
research, the effect of hospital size on hospital efficiency became insignificant.
The researchers also explain that big and university hospitals usually treat
more complicated cases, which supports our first argument.

Third, the initial condition of the two hospital groups should also be con-
sidered. It might reveal that initially, LOS in medium-sized hospitals was
longer, and these hospitals thus had more space for improvement. However, as
Table 6.1 suggests, LOS in 2015 in medium-sized hospitals was shorter than
in large hospitals. This also supports the previously mentioned explanation
regarding less severe cases in medium-sized hospitals.

Noteworthy, the difference between the effects is only 0.04 days (~ 1.3 pp),

which is a nearly negligible effect and clinically not very meaningful.

6.1.3 Models by patient severity level

The second subsample comparison is dedicated to patients without CC, with
CC, and with MCC. Starting with the model for patients with MCC, the decline
in length of stay is not observed. LOS fluctuated over time — the coefficients of
years indicate that it increased from 2015 to 2016, then it dropped and increased
again in 2019. Furthermore, the coefficients are statistically significant only in
two years - 2016 and 2018. The time trend for less severe cases — patients
without and with CC is similar. We can observe a statistically insignificant
decline in 2016, followed by a significant drop in the next two years 2017 and
2018 - in 2018, the LOS was shorter by 0.4 days compared to 2015. In 2019, LOS
was slightly longer than in 2018, but the difference is not clinically meaningful.
Even though the marginal effects indicate a larger effect for cases with CC
compared to cases without CC, turning to relative values (IRR presented in
Table 6.3), the effect is larger for cases without CC — LOS decreased over time
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by 6.6% for cases without complications while for cases with complications,
LOS decreased by 5.8%.

Summing up, the decline in length of stay was not observed only in case of
the most severely ill patients - patients with MCC. This supports our hypothesis
that it is harder to influence LOS of more severely ill patients by systemic

changes in inpatient care.

6.1.4 Patient characteristics
Age & Gender

Moving to patient characteristics that might affect length of stay, the Table 6.4

presents model results concerning the first two characteristics — age and gender.

Table 6.4: Age & Gender (Marginal effects)

(1) ) 3) (4) (5) (6)
Full sample Large Medium-sized =~ Without CC  With CC  With MCC

Age

(base = DEC 02-04)

DEC 01 -0.200 -0.143 -0.640*** -0.053 0.065 -0.810*
(0.131) (0.120) (0.172) (0.374) (0.450) (0.446)

DEC 05 -0.040 -0.051 0.007 -0.091 -0.077 0.107
(0.054) (0.060) (0.055) (0.065) (0.047) (0.150)

DEC 06 0.055 0.055 0.090 -0.112 -0.111 0.338*
(0.092) (0.096) (0.108) (0.093) (0.074) (0.202)

DEC 07 0.177 0.168 0.248* -0.018 0.008 0.540**
(0.111) (0.110) (0.136) (0.099) (0.076) (0.216)

DEC 08 0.405*** 0.393*** 0.484*** 0.240** 0.277*** 0.844***
(0.116) (0.110) (0.158) (0.107) (0.094) (0.228)

DEC 09-10 0.764*** 0.761*** 0.818*** 0.703*** 0.792*** 1.014***
(0.169) (0.166) (0.198) (0.154) (0.182) (0.178)

Gender (base = male)
female 0.066 0.092 -0.007 0.026 0.098 -0.026
(0.064) (0.067) (0.059) (0.072) (0.067) (0.097)

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;
**p<0.05; ***p<0.01. Complete results are shown in Table A.4 in Appendix.

The patient age seems to have a significant effect on LOS only in the case
of higher age groups compared to the reference age group (juveniles and people
of working age). Focusing on Full sample model, people in their seventies
(DEC 08) have longer LOS by 0.4 days; an even larger LOS difference (0.8
days) is estimated for the oldest age group - patients aged 80 and more. The
result is in line with the intuition that older people are prone to suffer from

more diseases and their treatment takes longer time; a similar effect was also
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estimated in previous literature (e.g., Tan et al., 2013; Geissler et al., 2012;
Earnest et al., 2006). In contrast, children have shorter LOS than the baseline
group - however, this difference is not statistically significant.

The effect differs across the models both in terms of statistical significance
and size. The largest differences are observed in Without MCC model — the
gap between the oldest age group and the reference group exceeds one day.
Likewise, the effect is significant and much larger for children (DEC 01) at a
medium-sized hospital — children have shorter LOS by 0.6 days compared to
the baseline group.

Regarding gender, it seems that females have slightly longer LOS than men
in four out of six models, but the effect is neither statistically nor clinically
significant (the effect size ranges between 0.07 to 0.1 days). In previous litera-
ture, the effect of gender differs depending on the episode of care studied - our
results are similar to the findings of Gaughan et al. (2012), who also estimated

non-significant effect of gender.

CC level & Stay in the intensive care unit

Results summarized in Table 6.5 indicate that CC level has both statistically
and clinically significant effects on LOS. In comparison to the least severe cases,
patients with CC have longer length of stay by 0.9 days concerning the Full
sample model. More severe hospital cases, patients with MCC stay in the hos-
pital even longer - the difference is 2.6 days compared to patients without CC.
A very comparable result was estimated in models by hospital size. In models
by severity level, this variable was omitted. Previous studies do not usually
control for CC level - however, some studies employ Charlson Comorbidity In-
dex instead, with the same aim - to control for patients’ comorbidities. Studies
by Geissler et al. (2012) or Hékkinen et al. (2012) reveal the same effect of
the level of comorbidities on length of stay - according to the above-mentioned
researchers, patients with more comorbidities tend to stay in hospital longer.
The second variable that might be related to the severity of hospital cases
is the dummy variable ICU, which is equal to one if a patient spent part of
his/her hospitalization at the intensive care unit. Model estimation indicates
a significant and positive effect of this variable. Patients that spent some time
in ICU have longer LOS by 1.6 days in the Full sample model. Intuitively, the
effect is larger in the With MCC model, where the difference is 3.7 days. In

terms of relative difference (Table 6.6), the increase in LOS caused by staying
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at ICU ranges from 32% to 47%, the largest is in With MCC model. In previous
literature, the variable ICU admission was used by Tan et al. (2013), who also
estimated longer LOS for patients admitted to ICU.

Table 6.5: CC level & ICU (Marginal effects)

1) ) 3) (4) (5) (6)
Full sample Large Medium-sized ~ Without CC ~ With CC  With MCC

CC level
(base = without CC)

with CC 0.888*** 0.870*** 0.938*** - - -
(0.162) (0.165) (0.154)

with MCC 2.557*** 2.490*** 2.785%** - - -
(0.321) (0.303) (0.385)

without split 1.802 1.604 2.540** - - -
(1.291) (1.313) (1.221)

ICU (base = no)

ICU (yes) 1.630%** 1.672%** 1.497*** 2.458*** 2.038*** 3.714%**
(0.403) (0.402) (0.462) (0.465) (0.396) (0.567)

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;
**p<0.05; ***p<0.01. Variable CC level was not included in models by patient severity level. Complete
results are shown in Table A.4 in Appendix.

Table 6.6: CC level & ICU (Incidence rate ratios)

1) ) 3) (4) (5) (6)
Full sample Large Medium-sized ~ Without CC ~ With CC  With MCC

CC level

(base = without CC)

with CC 1.178%** 1.170%** 1.201%** - - -
(0.034) (0.034) (0.035)

with MCC 1.512%** 1.487*** 1.596*** - - -
(0.070) (0.064) (0.089)

without split 1.361 1.314 1.544** - - -
(0.259) (0.257) (0.262)

ICU (base = no)

ICU (yes) 1.336*** 1.338*** 1.327%** 1.321%** 1.354%** 1.472%**
(0.091) (0.089) (0.109) (0.093) (0.078) (0.093)

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;
**p<0.05; ***p<0.01. Variable CC level was not included in models by patient severity level. Complete
results are shown in Table A.5 in Appendix.

6.2 LOS models by episodes of care

In this section, the results focus on five selected episodes of care, which were
estimated separately to analyze whether the results described in the previ-
ous section differ between the individual episodes of care. The heterogeneous
episodes of care were chosen to cover different types of procedures and hospi-

talizations. As before, results were split into multiple tables for clarity. Results
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in this section are presented mainly as marginal effects, but when meaningful,
they are followed by results in the form of IRR. The whole results are included
in Appendix (Table A.6 and Table A.7).

The results for the individual episodes of care are ordered in tables as fol-
lows: laparoscopic cholecystectomy, bowel resection, PTCA, hip replacement,
and delivery. The problem of overdispersion arose only in two out of five
models (bowel resection and PTCA). These models were estimated using zero-
truncated negative binomial, while zero-truncated Poisson was used for the
remaining three episodes of care. Standard errors were clustered at hospital
level. Summary statistics of LOS variable split by episodes of care is presented
in Table 6.7, providing more detailed information about LOS distribution in
individual samples of episodes of care as well as the comparison of conditional
means in years 2015 and 2019. Bowel resection with the ALOS of 15.38 days
is the most resource-intensive within the five selected episodes of care. In com-
parison, PTCA has the shortest average length of stay from the five selected

episodes of care.

Table 6.7: Summary statistics of length of stay in subsamples by
episodes of care

2015-2019 2015 2019
Sample

N Mean SD Var Min/Maz | Mean SD Mean — SD
Lapar. cholecys. 17,430 5.18 2.17 4.71 2/12 5.36 2.12 5.10 2.20
Bowel resection 15,537 15.38 848 7191 1/54 16.28  9.75 14.68 7.50
PTCA 45,156 4.23 2.92 8.53 1/18 4.41 3.13 4.02 2.60
Hip replacement 12,154 11.07 3.18 10.11 2/25 11.60 3.20 10.72 2.99
Delivery 154,141 5.20 1.91 3.64 1/13 5.34 1.93 5.08 1.91

Note: N=number of observations; SD=standard deviation; Var=Variance;
Lapar. cholecys. = Laparoscopic cholecystectomy

6.2.1 LOS over time

Estimation of LOS development over time in the individual episodes of care
confirms the finding from the previous section, that is, length of stay decreased
in the examined period in all five episodes of care. As can be seen in Table 6.8,
compared to the reference year 2015, the effect of each additional year grows
and results in the decrease in 2019 that ranges between 0.2 days for delivery

and 1.2 days for bowel resection. In relative terms (presented in Table 6.9),
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the effect is the largest for PTCA, for which the estimated decrease in LOS
between 2015 and 2019 is 9.4%; on the other hand, delivery experienced the
smallest relative decrease, precisely 3.8%.

Table 6.8: Episodes of care: Year of discharge (Marginal effects)

1) 2 ®3) 4) (5)
Laparoscopic Bowel

cholecystectomy  resection PTCA Hip replacement Delivery

Year of discharge
(base = year 2015)

year 2016 -0.122 -0.162 -0.017 -0.273 -0.013
(0.078) (0.229) (0.064) (0.248) (0.049)
year 2017 -0.190* -0.401 -0.017 -0.507 -0.072
(0.111) (0.276) (0.086) (0.330) (0.058)
year 2018 -0.237*** -0.827** -0.310*** -0.732** -0.121%**
(0.091) (0.345) (0.064) (0.357) (0.043)
year 2019 -0.298%** -1.237%** -0.359*** -0.988*** -0.197***
(0.088) (0.255) (0.079) (0.298) (0.048)
Model ZT Poisson ZTNB ZTNB Z'T Poisson ZT Poisson
Observations 17,430 15,537 45,156 12,154 154,141

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses;
*p<0.1; **p<0.05; ***p<0.01. Complete results are shown in Table A.6 in Appendix.

Table 6.9: Episodes of care: Year of discharge (Incidence rate ratios)

Ol (@) (3) (4) (5)
Laparoscopic BOW.EI PTCA Hip Delivery
cholecystectomy  resection replacement

Year of discharge

(base = year 2015)

year 2016 0.977 0.989 0.996 0.976 0.997
(0.015) (0.015) (0.017) (0.021) (0.009)

year 2017 0.964* 0.974 0.996 0.956 0.986
(0.021) (0.018) (0.022) (0.028) (0.011)

year 2018 0.955*** 0.946** 0.919*** 0.937** 0.977***
(0.017) (0.022) (0.016) (0.030) (0.008)

year 2019 0.943*** 0.919***  0.906*** 0.914%** 0.962***
(0.016) (0.016) (0.019) (0.024) (0.009)

Model ZT Poisson ZTNB ZTNB ZT Poisson ZT Poisson

Observations 17,430 15,537 45,156 12,154 154,141

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses;
*p<0.1; **p<0.05; ***p<0.01. Complete results are shown in Table A.7 in Appendix.

Noteworthy, laparoscopic cholecystectomy is one of the episodes of care that
are nowadays discussed as those that might be transformed into a so-called one-
day surgery, meaning that the patients would not stay in the hospital overnight
but would be admitted and discharged within one day instead (MZCR, 2023b).

Thus, the observed decline in LOS over time is a favorable trend toward one-day



6. Results 53

surgery. However, the conditional mean LOS for laparoscopic cholecystectomy
in 2019 in our data is approximately 5 days, which is quite far from the planned
one-day treatment. To sum it up, although LOS is decreasing, a much larger

decrease is needed to reach the target of 1 day.

6.2.2 Other covariates

Effects of other covariates in models for individual episodes of care will not
be discussed individually as in the case of the previous group of models, they
will be all summarized within one subsection instead. Results are presented
in Table 6.11 and Table 6.12. Since the age groups were not consistent across
different episodes of care, their results require a more complex table compared
to other variables. Hence, they are presented in a separate table, Table 6.10.
Turning to age, the positive effect of age on length of stay was estimated
in four out of five models. Age was not a statistically significant determinant

only in the model dealing with delivery.

Table 6.10: Episodes of care: Age (Marginal effects)

(1) ) 3) (4) (5)
Lapar. Bowel Hip .
Age group cholecys.  resection Age group PTCA replace. Age group Delivery
DECO01 0.276* 1.259 DEC 01-05 base base DEC 02 base
(0.160) (1.117)
DEC 02-04 base base DEC 06 0.017 -0.027 DEC 03 -0.011
(0.035) (0.162) (0.038)
DEC 05 -0.023 -0.131 DEC 07 0.182*** 0.243** DEC 04 -0.051
(0.039) (0.462) (0.028) (0.109) (0.037)
DEC 06 0.034 -0.027 DEC 08 0.436***  0.678*** | DEC 05 -0.012
(0.041)  (0.416) (0.039)  (0.144) (0.041)
DEC 07 0.239*** 0.408 DEC 09-10 1.006***  1.258***
(0.046) (0.404) (0.084) (0.171)
DEC 08 0.561*** 0.923*
(0.064) (0.495)
DEC 09-10 1.019*** 2.305%**
(0.109)  (0.493)

Note: Lapar. cholecys. = Laparoscopic cholecystectomy, Hip replace. = Hip replacement. Length
of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;
**p<0.05; ***p<0.01. Complete results are shown in Table A.6 in Appendix.

In the case of gender, the models provide mixed findings. Gender is statis-
tically significant for laparoscopic cholecystectomy and PTCA; however, while

LOS of females is shorter in the laparoscopic cholecystectomy model by 0.2
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days, LOS of females in the PTCA model is longer by 0.1 days. Nevertheless,
clinically, these differences are negligible.

Regarding the severity of a hospital case (CC level), the effect is in line
with the Full sample model, the size of the effect differs, possibly reflecting the
intensity and complexity of the treatment that is required by the individual
episodes of care. While patients with MCC being hospitalized because of la-
paroscopic cholecystectomy have longer LOS compared to patients without CC
by 1.6 days (~ 33%); in the case of bowel resection, the difference is 9.8 days
(~ 83 %).

The variability can also be observed in the ICU variable, which distinguishes
between cases that stayed at ICU and those that did not. While spending part
of the hospital stay at the ICU prolongs length of stay by 0.6 days (~ 5.5%) for
hip replacement, in the case of PTCA, LOS is prolonged by 2.8 days (~ 96%).
A positive but not statistically significant effect was estimated for delivery,
which is in line with the intuition that it is not usual being hospitalized in ICU
during childbirth.

The delivery model was supplemented by a dummy variable indicating
whether the childbirth was a vaginal delivery or a cesarean section. The model

estimated that LOS for cesarean sections is longer by 1.3 days.

Table 6.11: Episodes of care: Other covariates (Marginal effects)

1 (2) (3) 4) (5)
Laparoscopic Bowel Hip

cholecystectomy  resection PTCA replacement Delivery
Gender (base = male)
female -0.160*** 0.008 0.082** 0.099
(0.037) (0.156) (0.034) (0.064)
CC level (base = without CC)
with CC 0.642** 3.865*** 1.162%** 0.809*** 0.472%**
(0.279) (0.399) (0.168) (0.167) (0.062)
with MCC 1.636*** 9.785*** 1.957*** 2.174*** 0.752%**
(0.170) (0.426) (0.111) (0.359) (0.131)
without split - 26.260%**  3.254*** - 0.182
(1.424) (0.419) (0.141)
ICU (base = no)
ICU (yes) 1.553%** 2.818%** 2.841%** 0.578*** 0.284
(0.189) (0.372) (0.268) (0.102) (0.196)
Additional variable
Cesarean section - - - - 1.326***
(0.186)

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses;
*p<0.1; **p<0.05; ***p<0.01. Complete results are shown in Table A.6 in Appendix.
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Table 6.12: Episodes of care: Other covariates (Incidence rate ratios)

(1) (2) 3) (4) ()

Laparoscopic Bowiel PTCA Hip Delivery
cholecystectomy  resection replacement
Gender (base = male)
female 0.969*** 1.001 1.022** 1.009
(0.007) (0.011) (0.009) (0.006)
CC level (base = without CC)
with CC 1.129** 1.328%**  1.347*** 1.075%** 1.094***
(0.057) (0.038)  (0.054) (0.016) (0.013)
with MCC 1.330*** 1.831***  1.585%** 1.201%** 1.150***
(0.036) (0.046) (0.039) (0.033) (0.026)
without split - 3.230*** 1.972%** - 1.036
(0.123) (0.130) (0.028)
ICU (base = no)
ICU (yes) 1.316%** 1.230%**  1.964*** 1.055%** 1.056
(0.040) (0.037) (0.118) (0.010) (0.039)
Additional variable
Cesarean section - - - - 1.276%**
(0.025)

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses;
*p<0.1; **p<0.05; ***p<0.01. Complete results are shown in Table A.7 in Appendix.

6.3 Development of variation in LOS

In the last part of our analysis, we focus on the development of LOS variation
and investigate the time trend of standard deviation of LOS within hospital
within episode of care. Table 6.13 presents abridged regression results for the
first set of models with a focus on the time effects. The estimated results suggest
a downward but not linear trend over the five-year period. All dummy variables
coefficients are negative and significant at 5% significance level. Focusing on
the Full sample model, standard deviation of length of stay in 2016 was lower
by 6.2% compared to year 2015, ceteris paribus. In 2017, standard deviation
further decreased and was 9.3% lower than in 2015. The effect of the following
two years is very similar — we observe a decrease by 14.6% in 2018 and by 14.4%
in 2019.

In other words, we observe a considerable drop in the standard deviation of
LOS in 2016 and 2017. Then, the standard deviation decreased in the following
year 2018 by further 5.3 percentage points but increased negligibly from 2018 to
2019. Such results indicate that hospitals might have standardized treatments
in hospitals.

The results are consistent in terms of the trend across the six models sum-
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marized in Table 6.13. Subsamples results indicate a similar decline as in the
Full sample model. The smallest relative change in standard deviation is for
large hospitals, for which we observe the decrease of 13%. The largest relative
change in the standard deviation is observed for hospital cases with MCC —
the decrease of 19% between years 2015 and 2019. Surprisingly, the decline is
also observed in the With MCC model, which indicates that length of stay was
standardized also for more severely ill patients, even though the length of stay
itself did not decline as was commented in Subsection 6.1.3.

The additional variable without CC ratio yields the expected negative effect
- a higher share of patients without CC leads to a decrease in the standard
deviation. This finding might be interpreted in the following way: the higher
share of patients without CC a hospital treats, the more homogeneous hospital

cases it has; this homogeneity then leads to a more standardized length of stay.

Table 6.13: Variation in length of stay over time

(1) (2 3) (4) (5) (6)
Full sample Large Medium-sized ~ Without CC ~ With CC ~ With MCC

Year of discharge
(base = year 2015)

year 2016 —0.062*** —0.055%** —0.080** —0.079*** —0.046** —0.070**
(0.018) (0.020) (0.035) (0.022) (0.022) (0.031)
year 2017 —0.093*** —0.080*** —0.124*** —0.079*** —0.106*** —0.102***
(0.017) (0.019) (0.034) (0.021) (0.023) (0.033)
year 2018 —0.146*** —0.132%** —0.174%** —0.141*** —0.143*** —0.167***
(0.021) (0.019) (0.043) (0.024) (0.022) (0.032)
year 2019 —0.144*** —0.130*** —0.170*** —0.156*** —0.134*** —0.192***
(0.019) (0.019) (0.039) (0.022) (0.022) (0.034)
without CC ratio —0.230*** —0.209*** —0.342%** - -
(0.061) (0.061) (0.136)
Constant 1.959*** 1.934*** 0.906*** 1.460*** 1.779*** 2.016***
(0.047) (0.049) (0.090) (0.047) (0.040) (0.044)
Hospital effects included included included included included included
Episode of care effects included included included included included included
Observations 1,813 1,145 668 1,686 744 218
R2 0.886 0.925 0.842 0.802 0.903 0.966

Note: Logarithm of standard deviation of length of stay is a dependent variable, robust standard errors are
provided in parentheses; *p<0.1; **p<0.05; ***p<0.01.

6.3.1 Individual episodes of care

After restricting the sample to individual episodes of care, its size drops signif-
icantly, which requires a careful interpretation of the results, since there might

be a lack of statistical power to estimate statistically significant results.
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As summarized in Table 6.14, the downward trend observed in the previous
set of models is estimated only for bowel resection and PTCA, where the de-
crease in LOS standard deviation is much larger compared to the Full sample
model - 26% and 21%, respectively. In the remaining three episodes of care, the
time effect is not observed. Fluctuating but not statistically significant time
trend was estimated for laparoscopic cholecystectomy and delivery. The time
effects also fluctuate in the model for hip replacement, but they are statistically

significant.

Table 6.14: Length of stay variation by episodes of care

(1) (2) ®3) (4) (5)

Laparoscopic Bowel Hip .
cholecystectomy resection PTCA replacement Delivery
Year of discharge
(base = year 2015)
year 2016 —0.010 —0.131*** —0.028 —0.106** 0.017
(0.034) (0.023) (0.029) (0.044) (0.016)
year 2017 —0.023 —0.150*** —0.038 —0.098** —0.013
(0.034) (0.019) (0.030) (0.047) (0.018)
year 2018 —0.014 —0.196***  —0.206*** 0.042 0.005
(0.035) (0.024) (0.030) (0.040) (0.018)
year 2019 —0.008 —0.264***  —0.205*** —0.047 0.007
(0.036) (0.019) (0.031) (0.035) (0.018)
without CC ratio —0.508** —0.243 —0.022 —0.126 0.092
(0.229) (0.149) (0.091) (0.149) (0.079)
Cesarean section - - - - 0.857***
(0.168)
Constant 1.075%** 2.430*** 1.136*** 1.231%** —0.076
(0.221) (0.074) (0.075) (0.126) (0.063)
Hospital effects included included included included included
Observations 70 70 59 65 65
R2 0.816 0.810 0.931 0.701 0.925

Note: Logarithm of standard deviation of length of stay is a dependent variable, robust
standard errors are provided in parentheses; *p<0.1; **p<0.05; ***p<0.01.

The significance of the time effect reflects the distribution of length of stay
described in the first part of the analysis. Those episodes of care that were
right-skewed and featured overdispersion experienced a decline in LOS standard
deviations over time, while we do not observe this trend for the episodes of
care that were estimated using Poisson distribution. One possible explanation
of the inconsistent time effect across the episodes of care might be that the
healthcare provision was already standardized enough in some episodes of care,

and thus, we did not observe significant changes in the LOS variation during
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the examined period. Inconsistent trends and differences between procedures
and diagnoses were also discovered by van de Vijsel et al. (2015). Moreover, the
aforementioned researchers found stable LOS variance for cholecystectomy and
hip replacement as well. In comparison to the first set of models, the variable
indicating the share of cases without CC is significant only for cholecystectomy;,
while we observe a negative but insignificant effect in the remaining models

except for the model for delivery.

6.4 Evaluation of hypotheses

Section 5.1 introduces hypotheses based on the literature, DRG design, and
clinical and economic background. In this section, we will summarize the re-

sults for each hypothesis.

Hypothesis #1: After the introduction of DRGs, hospitals were motivated
to improve the efficiency of inpatient care, and thus, inpatient length of stay
decreased significantly over time.

The trend of declining length of stay was observed, precisely LOS decreased
by 0.3 days between 2015 and 2019. The trend was not linear but the size of
change varied year-to-year.

Further, the resource savings that the LOS decrease brought may be ex-
pressed in bed days when multiplying the decrease by the number of treated
cases.Concerning episodes of care selected for our analysis, it was calculated
that the decrease of 0.3 days means saving 12,250 bed days per year for an
average hospital in our sample. A hospital can use these saved bed capacities
to treat more patients, and in the case of elective surgeries, patients might wait
shorter time for the hospitalization.

The estimated development of length of stay is in line with the intention of
DRG implementation, and it indicates the improvement in hospital efficiency
over time. Moreover, the finding coincides with the prior literature, which also
observes a decline in length of stay after the DRG introduction (Koné et al.,
2019).

Hypothesis #1a: The size of the decrease in length of stay varies between
hospital types.
The time trend of LOS was evaluated separately for large and medium-sized

hospitals. Results confirmed the trend of declining LLOS and revealed a slightly
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larger decline at medium-sized hospitals; however, the difference between the

two types of hospitals was clinically negligible.

Hypothesis #1b: The length of stay declined more for less severe hospital
cases.

Models reveal a larger relative decrease in length of stay for cases classified
as without complications and comorbidities. On the other hand, the hypothe-
sis of declining LLOS was not confirmed for cases with major complications and

comorbidities, more severely ill patients.

Hypothesis #1c: The development of length of stay differs across different
episodes of care.

The robustness of LOS development was confirmed when considering five
selected episodes of care. LOS dropped in all five episodes of care studied,
but the size of change varies. While the size of decrease in LOS exceeded one
day (~ 8%) for bowel resection, it was only 0.2 days (~ 4%) for delivery. The
variance in development suggests the individual approach of hospitals to each

episode of care.

Hypothesis #2: Hospitals tended to standardize the healthcare provision
- the standard deviation of length of stay decreased over time.

Analysis revealed the decreasing variation in length of stay within hospitals
within episodes of care during the observed period. Specifically, the variation,
measured by the standard deviation of LOS, decreased by 14.4% from 2015
to 2019. The estimates suggest that the drop was not linear and stabilized in
the last two years of the observed period. In addition, the results are robust
when distinguishing between two sizes of hospitals and patient severity levels.
However, the same trend was not proven when analyzing some episodes of care
separately. In this case, several possible explanations exist, but most impor-
tantly, we have to take into account the lower statistical power of these models
for individual episodes of care. This result indicates the presence of standard-
ization of inpatient care that contributes to reducing unnecessary variation in

health care delivery and help to improve health care quality.
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6.5 Limitations

There are some limitations to this study. First, to be able to fully recognize the
pure impact of the introduction of DRG-based reimbursement mechanism on
hospitals’ care provision and length of stay, other methodology, for example,
difference-in-differences design, might be more appropriate (as was used by
Boes & Napierala (2021) or Cheng et al. (2012)). Unfortunately, the data
that we have available for the analysis do not allow for such an approach.
However, after controlling for patient characteristics, hospital, and episode of
care effects, the author believes that the observed time-trend sheds some light
on the dynamics of inpatient length of stay when hospitals continuously adapt
to the gradual implementation of DRG in the Czech Republic.

Second, certain study limitations are associated with using patient-level
data. One of them is a potential measurement bias related to the way the
data are recorded by the hospitals. Another issue is potential bias caused by
omitting relevant explanatory variables that were unavailable in our dataset.
Specifically, the CC level was used as a proxy for patient severity and might
be prone to issues related to the coding of hospital cases by hospitals within
the IR-DRG classification. Thus, other patient clinical data might describe the
variation of LOS even better, for example, number of diagnoses, specification
of comorbidities, or more information about the treatment. Examples of other
variables that may also provide valuable information are the level of emergency
or information about admission. Unfortunately, our dataset does not contain

this information.
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Conclusion

Expenses on inpatient care account for the largest share of health expenditure
in the Czech Republic, which raises discussions on its efficiency. In addition,
inpatient care has experienced quite large development in reimbursement in
the last decade - the diagnosis-related group (DRG) system was introduced.
Hospitals are reimbursed a fixed amount per hospital case within the DRG-
based reimbursement mechanism. The DRG design aims to improve efficiency
and transparency of inpatient care.

This thesis analyzes the development of inpatient care provision in the Czech
Republic shortly after the broader implementation of DRGs in 2012. Under-
standing its dynamics is important for further potential adjustments to the
reimbursement mechanism. Using panel-level data from 15 Czech hospitals
from the period between 2015 and 2019 allows us to estimate the time trend
of inpatient length of stay (LOS), which is broadly used in the literature as an
indicator of hospital efficiency.

The first part of the analysis focuses on the development of length of
stay and employs count data models, namely zero-truncated Poisson and zero-
truncated negative binomial models. Moreover, we also control for other factors
that may affect the length of stay - specifically, we take into account patient-
level characteristics such as age, gender, and severity level. Also, the effects
of hospitals and episodes of care were added to the model in order to cover
potential LOS variation between hospitals and episodes of care.

Results of the models reveal that the length of stay decreased during the
observed period by approximately 0.3 days. The downward trend was robust
when considering hospital size, five individual episodes of care, or patient sever-

ity level. The exception, where the gradual decline was not estimated, is the
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subsample of patients with major complications and comorbidities. Regarding
the development in individual episodes of care, which were chosen to be hetero-
geneous and cover different types of hospitalizations, the size of the decrease
varies across episodes of care, indicating an individual approach of hospitals in
each episode of care.

Observing the decline in length of stay is in line with the intended effects
when DRGs are implemented, and it corresponds to the findings of prior litera-
ture (Koné et al., 2019; Louis et al., 1999). Moreover, decreasing LOS suggests
improvement in the efficiency of inpatient care, which allows hospitals to treat
more patients using the same capacity or to reallocate the capacity.

The second part of the analysis is dedicated to the development of the
LOS variation, measured by the standard deviation of length of stay within
hospitals within episodes of care. In this case, OLS regressions were estimated.
A downward trend was also identified; the variation of LOS decreased non-
linearly by 14%. This finding is robust considering hospital size and patient
severity level but differs between individual episodes of care. Such a result
may be interpreted in the way that inpatient care in terms of LOS seems to be
standardizing.

Despite the limitations caused by the data availability, such as potential
omitted variable bias or the need for an even longer period examined, we be-
lieve that this thesis contributes to the current knowledge about the efficiency
of hospitals under the DRG-based reimbursement mechanism in the Czech Re-
public. First, to the best of the author’s knowledge, there does not exist much
literature on the development of length of stay in the Czech environment. More-
over, the study is based on a unique dataset consisting of a quite large sample
of patient-level data which is undoubtedly one of the contributions as well.

Nevertheless, only one perspective on inpatient care provision was ana-
lyzed, while some other questions regarding efficiency of inpatient care under
DRG-based reimbursement mechanism still remain to be explored. First, the
analyzed data come from the period of the IR-DRG system, but soon, the data
from the refined DRG design, CZ-DRG, will be available, and further analysis
of hospital efficiency thus might be possible and may bring updated findings.

Second, the measure of costs rather than length of stay might illustrate
the situation of resource utilization more complexly. Third, other potential
effects of DRG on hospitals’ care provision already noted in foreign studies
may also be considered - for example, readmission rate or mortality which are

closely associated with quality of care. Such analysis, however, requires more
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extended data that track the whole patient history; for instance, payer data
would be needed.

To conclude, the author believes that this thesis fills in the gap in the rather
limited current Czech literature on the topic of inpatient care efficiency. More
precisely, the thesis sheds more light on the changes in the efficiency of inpatient
care provision after implementing the DRG-based reimbursement mechanism
and confirms the decrease in length of stay over the examined period, which
serves as an indicator of improved efficiency of inpatient care. However, given
some limitations of the dataset available to the author, there still remains room

for further research.



Bibliography

ACHANTA, A., A. NORDESTGAARD, N. KONGKAEWPAISAN, K. HAN, A. MEN-
DOZA, N. SAILLANT, M. ROSENTHAL, P. FAGENHOLZ, G. VELMAHOS, &
H. KAAFARANI (2019): “Most of the Variation in Length of Stay in Emer-
gency General Surgery is NOT Related to Clinical Factors of Patient Care.”
Journal of Trauma and Acute Care Surgery 87: p. 1.

AGHAJANI, S. & M. KARGARI (2016): “Determining factors influencing length
of stay and predicting length of stay using data mining in the general surgery

department.” Hospital Practices and Research 1(2): pp. 53-58.

ALEXA, J., L. RECKA, J. VOTAPKOVA, E. VAN GINNEKEN, A. SPRANGER, &
F. WITTENBECHER (2015): “Czech Republic: Health system review.” Health
Systems in Transition 17(1).

BArOUNI, M., L. AHMADIAN, H. S. ANARI, & E. MOHSENBEICGI (2021): “In-
vestigation of the impact of DRG based reimbursement mechanisms on qual-
ity of care, capacity utilization, and efficiency - A systematic review.” Inter-

national journal of healthcare management 14(4): pp. 1463-1474.

BELLANGER, M. M., W. QUENTIN, & S. S. TAN (2013): “Childbirth and
Diagnosis Related Groups (DRGs): patient classification and hospital re-

7

imbursement in 11 European countries.” European Journal of Obstetrics &

Gynecology and Reproductive Biology 168(1): pp. 12-19.

BERTOLI, P., L. BRYNDOVA, & J. VOTAPKOVA (2021): “The Czech health
care system.” In “The Sustainability of Health Care Systems in Europe,”
volume 295, pp. 139-152. Emerald Publishing Limited.

Bocking, W., U. AHRENS, W. KIrRCH, & M. MiLAKOVIC (2005): “First re-
sults of the introduction of DRGs in Germany and overview of experience
from other DRG countries.” Journal of Public Health 13: pp. 128-137.



Bibliography 65

BoEs, S. & C. NAPIERALA (2021): “Assessment of the introduction of DRG-
based reimbursement in Switzerland: Evidence on the short-term effects on

length of stay compliance in university hospitals.” Health Policy 125(6): pp.
739-750.

BRYNDOVA, L., L. SLEGEROVA, J. VOTAPKOVA, P. HROBON, N. SHUFTAN,
& A. SPRANGER (2023): “Czechia: health system review.” Health Systems
in Transition 25(1).

Busaro, A. & G. voN BELOwW (2010): “The implementation of DRG-based
hospital reimbursement in Switzerland: A population-based perspective.”

Health research policy and systems 8(1): pp. 1-6.

Bussg, R., A. GEISSLER, A. AAVIKSOO, F. CoTts, U. HAKKINEN, C. KOBEL,
C. MATEUS, Z. OR, J. O’REILLY, L. SERDEN et al. (2013): “Diagnosis re-
lated groups in Europe: moving towards transparency, efficiency, and quality
in hospitals?” Bmj 346.

Busse, R., A. GEISSLER, W. QUENTIN, & M. WILEY (2011): Diagnosis-
Related Groups in Europe - Moving Towards Transparency, Efficiency and
Quality in Hospitals.

CAMERON, A. C. & P. K. TRIVEDI (1998): Regression Analysis of Count Data.

Econometric Society Monographs.Cambridge University Press.

CAMERON, A. C. & P. K. TRIVEDI (2005): Microeconometrics: methods and

applications. Cambridge university press.

CARTER, E. M. & H. W. PorTs (2014): “Predicting length of stay from an
electronic patient record system: a primary total knee replacement example.”

BMC medical informatics and decision making 14(1): pp. 1-13.

CHENG, S.-H., C.-C. CHEN, & S.-L. Tsar (2012): “The impacts of DRG-
based payments on health care provider behaviors under a universal coverage
system: a population-based study.” Health Policy 107(2-3): pp. 202-208.

CHOK, L., E. B. BACcHLI, P. STEIGER, D. BETTEX, S. R. COTTINI, E. KELLER,
M. MAGGIORINI, & R. A. SCHUEPBACH (2018): “Effect of diagnosis related
groups implementation on the intensive care unit of a Swiss tertiary hospital:
a cohort study.” BMC' health services research 18(1): pp. 1-10.



Bibliography 66

CZSO (2022a): “Statistickd roc¢enka Ceské republiky - 20227  [On-
line] https://www.czso.cz/csu/czso/25-zdravotnictvi-29pwmhdbov [Ac-
cessed March 15, 2023].

CZSO (2022b):  “Vysledky zdravotnickych uét Cr - 2017-2020.  [On-
line]. https://www.czso.cz/csu/czso/vysledky-zdravotnickych-uctu-
cr-2017-2020 [Accessed April 08, 2023].

DISMUKE, C. E. & V. SENA (1999): “Has DRG payment influenced the techni-
cal efficiency and productivity of diagnostic technologies in Portuguese public
hospitals? An empirical analysis using parametric and non-parametric meth-

ods.” Health care management science 2: pp. 107-116.

DoLEJSOVA, K. (2019): Kultivace systému DRG v podminkdch éeského zdravot-
nictvi. Master’s thesis, Ceské vysoké uceni technické v Praze. Supervisor:

Caithamlova Martina.

EARNEST, A., M. I. CHEN, & E. SEOW (2006): “Exploring if day and time of
admission is associated with average length of stay among inpatients from a

tertiary hospital in Singapore: an analytic study based on routine admission
data.” BMC Health Services Research 6(1): pp. 1-8.

EpsTEIN, K., E. JUAREZ, A. EpPSTEIN, K. LOoYA, & A. SINGER (2010): “The
impact of fragmentation of hospitalist care on length of stay.” Journal of
hospital medicine 5(6): pp. 335-338.

FARRAR, S., D. Y1, M. SuTrTON, M. CHALKLEY, J. SUSSEX, & A. SCOTT
(2009): “Has payment by results affected the way that English hospitals

provide care? Difference-in-differences analysis.” Bmj 339.

FASSLER, M., V. WiILD, C. CLARINVAL, A. T'sCHOPP, J. A. FAEHNRICH, &
N. BILLER-ANDORNO (2015): “Impact of the DRG-based reimbursement
system on patient care and professional practise: perspectives of Swiss hos-
pital physicians.” Swiss medical weekly 145(0708): pp. w14080—w14080.

FELDER, S. (2009): “The variance of length of stay and the optimal DRG
outlier payments.” International journal of health care finance and economics
9: pp. 279-289.

FrEeiTAs, A., T. SiLvA-CosTA, F. LopEes, I. GARCIA-LEMA, A. TEIXEIRA-
PiNTO, P. BRAZDIL, & A. COSTA-PEREIRA (2012): “Factors influencing


https://www.czso.cz/csu/czso/25-zdravotnictvi-29pwmhdbov
https://www.czso.cz/csu/czso/vysledky-zdravotnickych-uctu-cr-2017-2020
https://www.czso.cz/csu/czso/vysledky-zdravotnickych-uctu-cr-2017-2020

Bibliography 67

hospital high length of stay outliers.” BMC health services research 12: pp.
1-10.

GAUGHAN, J. M., A. MasoN, A. D. STREET, & P. WARD (2012): “English
hospitals can improve their use of resources: an analysis of costs and length

of stay for ten treatments.” .

GEISSLER, A., D. SCHELLER-KREINSEN, W. QUENTIN, & EURODRG GROUP
(2012): “Do diagnosis-related groups appropriately explain variations in costs
and length of stay of hip replacement? A comparative assessment of DRG

systems across 10 European countries.” Health Economics 21: pp. 103-115.

GOLDFIELD, N. (2010): “The evolution of diagnosis-related groups (DRGs):
from its beginnings in case-mix and resource use theory, to its implementation
for payment and now for its current utilization for quality within and outside
the hospital.” Quality Management in Healthcare 19(1): pp. 3-16.

HAKKINEN, U., P. CHIARELLO, F. Cots, M. PELTOLA, H. RATTO, & EURO-
DRG GROUP (2012): “Patient classification and hospital costs of care for
acute myocardial infarction in nine European countries.” Health economics
21: pp. 19-29.

HERWARTZ, H. & C. STRUMANN (2014): “Hospital efficiency under prospective
reimbursement schemes: an empirical assessment for the case of Germany.”
The European Journal of Health Economics 15: pp. 175-186.

Hobpyc, D. (2007): DRG systém v CR. Master’s thesis, Vysoké skola eko-

nomicka v Praze. Supervisor: Ondrej LeSeticky.

Kazungu, J. S., E. W. BArAsAa, M. OBADHA, & J. CHUMA (2018):
“What characteristics of provider payment mechanisms influence health care
providers’ behaviour? A literature review.” The International journal of

health planning and management 33(4): pp. €892-e905.

Kiss, N., M. HIESMAYR, 1. SuLz, P. BAUER, G. HEINZE, M. MOUHIEDDINE,
C. ScHUH, S. TARANTINO, & J. SIMON (2021): “Predicting Hospital Length
of Stay at Admission Using Global and Country-Specific Competing Risk
Analysis of Structural, Patient, and Nutrition-Related Data from nutrition-
Day 2007-2015." Nutrients 13(11): p. 4111.



Bibliography 68

KONE, 1., B. MARIA ZIMMERMANN, K. NORDSTROM, B. SIMONE ELGER, &
T. WANGMO (2019): “A scoping review of empirical evidence on the impacts
of the DRG introduction in Germany and Switzerland.” The International

journal of health planning and management 34(1): pp. 56-70.

KOTHEROVA, Z., M. CAITHAMLOVA, J. NEMEC, & K. DOLEJSOVA (2021):
“The use of diagnosis-related group-based reimbursement in the Czech Hos-

pital care system.” International Journal of Environmental Research and
Public Health 18(10): p. 5463.

KoZENY, P., J. NEMEC, J. KARNIKOVA, & M. LOMENIK (2010): “Klasifika¢ni
systém DRG.” Praha: Grada .

Kurz, A., L. Gur, F. EBRAHIMI, U. WAGNER, P. SCHUETZ, & B. MUELLER
(2019): “Association of the Swiss diagnosis-related group reimbursement sys-

tem with length of stay, mortality, and readmission rates in hospitalized adult
patients.” JAMA network open 2(2): pp. e188332—e188332.

LEE, A. H., W. K. Fung, & B. Fu (2003): “Analyzing hospital length of stay:

mean or median regression?” Medical care pp. 681-686.

LiN, S., P. ROUSE, Y.-M. WANG, & F. ZHANG (2022): “A statistical model to
detect DRG outliers.” IEEE Access 10: pp. 28717-28724.

Liu, V., P. Kipnis, M. K. GouLp, & G. J. ESCOBAR (2010): “Length of
stay predictions: improvements through the use of automated laboratory
and comorbidity variables.” Medical care 48(8): pp. 739-744.

Louts, D. Z., E. J. YUEN, M. BrAaGA, A. CiccHETTI, C. RABINOWITZ,
C. LAINE, & J. S. GONNELLA (1999): “Impact of a DRG-based hospital
financing system on quality and outcomes of care in Italy.” Health services
research 34(1 Pt 2): p. 405.

MasoON, A., Z. Or, T. RENAUD, A. STREET, J. THUILLIEZ, P. WARD, &
EurRODRG Group (2012): “How Well Do Diagnosis-Related Groups For
Appendectomy Explain Variations In Resource Use? An Analysis Of Patient-
Level Data From 10 European Countries.” Health economics 21: pp. 30—40.

MASTROMARCO, C., L. STASTNA, & J. VOTAPKOVA (2019): “Efficiency of
hospitals in the czech republic: conditional efficiency approach.” Journal of
Productivity Analysis 51: pp. 73-89.



Bibliography 69

MATUSEK, Z. (2011): DRG systém v CR. Master’s thesis, Palacky University
Olomouc, Faculty of Health Sciences, Olomouc. Supervisor: Ing. Jaroslav
714 mal, Ph.D.

MiLCeNT, C. (2021): “From downcoding to upcoding: DRG based payment
in hospitals.” International Journal of Health Economics and Management
21(1): pp. 1-26.

MZCR (2023a): “Seznam zdravotnich vykont.” [Online| https://
szv.mzcr.cz/Vykon [Accessed October 31, 2022].

MZCR (2023b): “Uhradové vyhlaska 2023 [Online] https://https://
www.mzcr.cz/uhradova-vyhlaska-2023/ [Accessed April 2, 2022].

Novy, P. (2016): Measuring the DRG classification system performance in the
Czech Republic. Master’s thesis, Charles University in Prague, Faculty of

Social Sciences, Institute of Economic Studies. Supervisor: Paulus, Michal.

OECD (2023): “Length of hospital stay (indicator).” doi: 10.1787/8dda6b7a~
en [Accessed March 17, 2023].

PALMER, K. S.; T. AGORITSAS, D. MARTIN, T. ScorT, S. M. MULLA, A. P.
MILLER, A. AGARWAL, A. BRESNAHAN, A. A. HAzzAN, R. A. JEFFERY
et al. (2014): “Activity-based funding of hospitals and its impact on mor-
tality, readmission, discharge destination, severity of illness, and volume of

care: a systematic review and meta-analysis.” PLoS One 9(10): p. ¢109975.

Pirson, M., C. DELO, L. D1 PIERDOMENICO, N. LAPORT, V. BILOQUE, &
P. LECLERCQ (2013): “Variability of nursing care by APR-DRG and by

severity of illness in a sample of nine Belgian hospitals.” BMC nursing 12(1):

pp. 1-6.

PRADOVA, D. (2021): “Utet za odlozené operace. Rada pacienttl zemiela difv,
nez se dockala péce” [Online]. https://www.seznamzpravy.cz/clanek/
nekteri-se-pece-nedozili-kvuli-covidu-se-odkladaly-tisice-
operaci-150149 [Accessed April 03, 2023].

ScuueETz, P., W. C. ALBRICH, I. SUTER, B. L. HuG, M. CHRIST-CRAIN,
T. HOLLER, C. HENZEN, M. KRAUSE, R. SCHOENENBERGER, W. ZIMMERLI
et al. (2011): “Quality of care delivered by fee-for-service and DRG hospi-
tals in Switzerland in patients with community-acquired pneumonia.” Swiss
Medical Weekly 141: p. w13228.


https://szv.mzcr.cz/Vykon
https://szv.mzcr.cz/Vykon
https://https://www.mzcr.cz/uhradova-vyhlaska-2023/
https://https://www.mzcr.cz/uhradova-vyhlaska-2023/
https://www.seznamzpravy.cz/clanek/nekteri-se-pece-nedozili-kvuli-covidu-se-odkladaly-tisice-operaci-150149
https://www.seznamzpravy.cz/clanek/nekteri-se-pece-nedozili-kvuli-covidu-se-odkladaly-tisice-operaci-150149
https://www.seznamzpravy.cz/clanek/nekteri-se-pece-nedozili-kvuli-covidu-se-odkladaly-tisice-operaci-150149

Bibliography 70

STONE, K., R. ZWIGGELAAR, P. JONES, & N. MAC PARTHALAIN (2022): “A

systematic review of the prediction of hospital length of stay: Towards a
unified framework.” PLOS Digital Health 1(4): p. ¢0000017.

STREET, A., C. KOBEL, T. RENAUD, J. THUILLIEZ, & EURODRG GROUP
(2012): “How well do diagnosis-related groups explain variations in costs or
length of stay among patients and across hospitals? Methods for analysing

routine patient data.” Health Economics 21: pp. 6-18.

TAN, S. S., L. HAKKAART-VAN RO1JEN, B. M. vAN INEVELD, & W. K. RE-

DEKOP (2013): “Explaining length of stay variation of episodes of care in the
Netherlands.” The European Journal of Health Economics 14: pp. 919-927.

Tuomas, M. N., J. KureLDpT, U. KiSSER, H.-M. HORNUNG, J. HOFFMANN,
M. ANDRASCHKO, J. WERNER, & P. RITTLER (2016): “Effects of malnu-
trition on complication rates, length of hospital stay, and revenue in elective
surgical patients in the G-DRG-system.” Nutrition 32(2): pp. 249-254.

THOMMEN, D., N. WEISSENBERGER, P. SCHUETZ, B. MUELLER, C. REEMTS,
T. HOLLER, J. A. SCHIFFERLI, M. GERBER, & B. L. HuG (2014): “Head-
to-head comparison of length of stay, patients’ outcome and satisfaction in
Switzerland before and after SwissDRG-Implementation in 2012: an obser-

vational study in two tertiary university centers.” Swiss medical weekly 144.

UZIS (2021): “Hospitalizovani v nemocnicich CR 2019.” [Online]. https:
//www.uzis.cz/res/f/008357/hospit2019.pdf [Accessed April 03, 2023].

UZIS (2023a): “DRG Restart. O projektu.” [Online|. https://drg.uzis.cz/
index.php?pg=o-projektu [Accessed December 03, 2022].

UZIS (2023b): “Klasifika¢ni systém CZ-DRG 5.0 revize 1. Struktura sys-
tému CZ-DRG.” [Online]. https://drg.uzis.cz/klasifikace-pripadu/
web/klasifikacni-system/ [Accessed January 03, 2022].

VERBURG, I. W., N. F. DE KEIZER, E. DE JONGE, & N. PEEK (2014): “Com-
parison of regression methods for modeling intensive care length of stay.”
PloS one 9(10): p. e109684.

VAN DE VIJSEL, A. R., R. HELINK, & M. SCHIPPER (2015): “Has variation in
length of stay in acute hospitals decreased? Analysing trends in the variation
in LOS between and within Dutch hospitals” BMC' health services research
15: pp. 1-12.


https://www.uzis.cz/res/f/008357/hospit2019.pdf
https://www.uzis.cz/res/f/008357/hospit2019.pdf
https://drg.uzis.cz/index.php?pg=o-projektu
https://drg.uzis.cz/index.php?pg=o-projektu
https://drg.uzis.cz/klasifikace-pripadu/web/klasifikacni-system/
https://drg.uzis.cz/klasifikace-pripadu/web/klasifikacni-system/

Bibliography 71

VOTAPKOVA, J., L. ST’ASTNA et al. (2013): “Efficiency of hospitals in the
Czech Republic.” Prague Economic Papers 22(4): pp. 524-541.

VOTAPKOVA, J. (2020): Essays on Health Economics and Health Policy. Dis-
sertation thesis, Charles University in Prague, Faculty of Social Sciences,

Institute of Economic Studies. Supervisor: Gregor, Martin.

WHO (2023): “Global health expenditure database.” [Online]. https://
apps.who.int/nha/database/ViewData/Indicators/en [Accessed April 08,
2023].

WourrrF, J., P. MCCRONE, A. PATEL, K. KAIER, & C. NORMANN (2015):
“Predictors of length of stay in psychiatry: analyses of electronic medical
records.” BMC psychiatry 15(1): pp. 1-7.

YUAN, Z., G. S. COOPER, D. EINSTADTER, R. D. CEBUL, & A. A. RIMM
(2000): “The association between hospital type and mortality and length of
stay: a study of 16.9 million hospitalized Medicare beneficiaries.” Medical
care pp. 231-245.


https://apps.who.int/nha/database/ViewData/Indicators/en
https://apps.who.int/nha/database/ViewData/Indicators/en

Appendix A

Additional tables

Table A.1: List of medical procedures which define episodes of care

Episode of care (Czech)

Episode of care (English)

Procedures

Aortokoronarni

bypassy

Aortocoronary bypass

surgery

07000, 07001, 07002,
07003, 07004, 07005,
07006, 07007, 07008,
07009, 07010, 55414,
55801

Cisarsky fez

Cesarean section

63125, 63127, 63129,
63131

54310, 54320, 07417,
07288, 07287, 07284,

Endarterektomie Endarterectomy
56121, 07285, 07286,
07289
51387, 90875, 51385,
Gastrektomie Gastrectomy
90884, 90879
Cholecystektomie Laparoscopic 90818
laparoskopicka Cholecystectomy
Cholecystektomie Open 51371
oteviend cholecystectomy
Implantace Pacemaker 55213, 55211, 55219,
kardiostimuldtoru implantation 17625, 07234

Continued on next page
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Continuation of Table A.1

Episode of care (Czech) Episode of care (English) Procedures

Cardioverter - defibrillator
Implantace kardioverteru f 55213, 55211, 55219,

implantati
_ defibrildtoru PR 17625, 07234
Katetrizac¢ni ablace Catheter ablation 17312
- komplexni — complex
Kyla - déti 3-15 let Hernia - children 52313
3-15 years
Kyla - déti do 3 let Hernia - children 52311
under 3 years
51517, 51511, 51515,
51513, 61461, 90796,
Kyla - dospéli Hernia - adults

51519, 90838, 51518,
90824

07041, 07042, 07043,
07044, 07051, 07052,

Nahrada chlopné Valve replacement 07053, 07057, 07058,
07059, 07121, 07122,
91972, 91973

090866, 90937, 76483,
Nefrektomie Nephrectomy 76479, 76477, 76481,
76707, 76654

Odstranént Parathyroid tumour 51131, 51133
paratyreoidalniho removal
tumoru
54930, 07494, 07488,
Operace povrchovych Superficial limb 07498, 07493, 07492,
koncetinovych zil vein surgery 07495, 07489, 07496,
07497
PTA PTA 89423
PTCA PTCA 89435, 89437

Continued on next page
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Continuation of Table A.1

Episode of care (Czech)

Episode of care (English)

Procedures

Rekonstrukéni artroskopie

Reconstructive arthroscopy

66041

Resekce plic

anatomicka

Anatomical

lung resection

07247, 57245, 90870,
57249, 90869, 90871

Resekcee plic

FExtra-anatomical

90842, 57251

extraanatomicka lung resection
51233, 51237, 51235,
Resekce prsu Breast resection 61449, 61455, 61447,
61453
51359, 90864, 51388,

Resekce streva

Bowel resection

51355, 51361, 90858

Slozita artroskopie Complex arthroscopy 66039
TEP kolene Total knee replacement 66651
TEP kycle Total hip replacement 66612
TEP na horni Total joint replacement 66449

koncetiné in the upper extremity
Tonzilektomie Tonsillectomy 71763, 71798
Transuretr. resekce Transurethral

tumoru moc.

resection of

76559, 76557

méchyre bladder tumour
Transuretralni Transurethral 76533. 76603
prostatektomie prostatectomy

51125, 51127, 51121,
Tyreoidektomie Thyroidectomy

51129

61147, 61149, 61151,

Uzavreni defektu

koznim lalokem

Closure of the defect
with a skin flap

61153, 61155

Vaginalni

porod

Vaginal delivery

63119,
63123

63120, 63121,

Continued on next page
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Continuation of Table A.1

Episode of care (Czech) Episode of care (English) Procedures

07011, 07012, 07013,
07014, 07015, 07016,
07018, 07019, 07020,
07021, 07022, 07023,
07029, 07030, 07031,
07032, 07036

Vykony na Aortic valve

aortalni chlopni procedures

Note: TEP = totalni endoprotéza. The procedures are summarized using codes, the names
of procedures can be found in the List of Health Services published by MZCR (2023a)
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Table A.2: Summary statistics of categorical variables

Variable Observations Percent | Variable Observations Percent

Year of discharge Gender

year 2015 90,355 16.83 | male 230,758 42.99

year 2016 109,436 20.39 | female 306,024 57.01

year 2017 111,765 20.82

year 2018 112,336 20.93 | CC

year 2019 112,890 21.03 | without CC 420,462 78.33
with CC 92,337 17.20

Age group with MCC 21,764 4.05

DECO01 13,764 2.56 without split 2,219 0.41

DECO02 12,394 2.31

DECO03 73,414 13.68 | ICU dummy

DEC04 112,829 21.02 | no 394,125 73.42

DECO05 49,873 9.29 yes 142,657 26.58

DEC06 58,025 10.81

DECO07 98,266 18.31 | Type of discharge

DECO08 86,852 16.18 | home 524,704 97.75

DEC09 28,701 5.35 social care facil. 12,078 2.25

DEC10 2,664 0.49

Note: social care facil. = social care facilities, hospital frequencies not provided

because of data protection
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Table A.3: Summary statistics of episodes of care

Variable Observations Percent
Anatomical lung resection 2,964 0.55
Aortic valve procedures 3,486 0.65
Aortocoronary bypass surgery 8,688 1.62
Bowel resection 15,537 2.89
Breast resection 15,431 2.87
Cesarean section 40,807 7.60
Cardioverter - defibrillator implantation 9,816 1.83
Catheter ablation — complex 9,786 1.82
Closure of the defect with a skin flap 18,869 3.52
Complex arthroscopy 33,781 6.29
Endarterectomy 6,859 1.28
Extra-anatomical lung resection 2,337 0.44
Gastrectomy 1,697 0.32
Hernia - adults 31,487 5.87
Hernia - children 3-15 years 5,406 1.01
Hernia - children under 3 years 2,824 0.53
Laparoscopic cholecystectomy 17,430 3.25
Nephrectomy 7,887 1.47
Open cholecystectomy 4,828 0.90
Pacemaker implantation 19,085 3.56
Parathyroid tumour removal 1,776 0.33
PTA 20,042 3.73
PTCA 45,156 8.41
Reconstructive arthroscopy 15,194 2.83
Superficial limb vein surgery 12,249 2.28
Thyroidectomy 14,357 2.67
Tonsillectomy 12,126 2.26
Total hip replacement 12,154 2.26
Total joint replacement in the upper extremity 1,162 0.22
Total knee replacement 8,449 1.57
Transurethral prostatectomy 6,694 1.25
Transurethral resection of bladder tumour 14,327 2.67
Vaginal delivery 113,334 21.11
Valve replacement 757 0.14
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Table A.4: LOS models: Marginal effects

(1) @) (3) (@) (5) (6)
Full sample Large Medium-sized =~ Without CC  With CC  With MCC

Year of discharge

(base = year 2015)

year 2016 -0.049* -0.041 -0.104** -0.025 -0.091 0.503***
(0.030) (0.030) (0.043) (0.072) (0.065) (0.154)

year 2017 -0.155%** -0.141%** -0.226*** -0.218** -0.236*** 0.035
(0.039) (0.037) (0.055) (0.087) (0.087) (0.167)

year 2018 -0.267*** -0.254*** -0.343*** -0.420*** -0.402*** -0.215*
(0.045) (0.057) (0.052) (0.091) (0.090) (0.115)

year 2019 -0.323*** -0.327*** -0.368*** -0.383*** -0.391%** -0.131
(0.045) (0.054) (0.067) (0.088) (0.081) (0.214)

Age

(base = DEC 02-04)

DEC 01 -0.200 -0.143 -0.640*** -0.053 0.065 -0.810*
(0.131) (0.120) (0.172) (0.374) (0.450) (0.446)

DEC 05 -0.040 -0.051 0.007 -0.091 -0.077 0.107
(0.054) (0.060) (0.055) (0.065) (0.047) (0.150)

DEC 06 0.055 0.055 0.090 -0.112 -0.111 0.338*
(0.092) (0.096) (0.108) (0.093) (0.074) (0.202)

DEC 07 0.177 0.168 0.248* -0.018 0.008 0.540**
(0.111) (0.110) (0.136) (0.099) (0.076) (0.216)

DEC 08 0.405*** 0.393*** 0.484*** 0.240** 0.277*** 0.844***
(0.116) (0.110) (0.158) (0.107) (0.094) (0.228)

DEC 09-10 0.764*** 0.761*** 0.818*** 0.703*** 0.792%** 1.014***
(0.169) (0.166) (0.198) (0.154) (0.182) (0.178)

Gender

(base = male)

female 0.066 0.092 -0.007 0.026 0.098 -0.026
(0.064) (0.067) (0.059) (0.072) (0.067) (0.097)

CC level

(base = without CC)

with CC 0.888*** 0.870*** 0.938*** - - -
(0.162) (0.165) (0.154)

with MCC 2.557%** 2.490*** 2.785%** - - -
(0.321) (0.303) (0.385)

without split 1.802 1.604 2.540** - - -
(1.291) (1.313) (1.221)

ICU

(base = no)

ICU (yes) 1.630*** 1.672%** 1.497*** 2.458*** 2.038*** 3.714%**
(0.403) (0.402) (0.462) (0.465) (0.396) (0.567)

Continued on next page
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Continuation of Table A.4

(1

(2

3)

(4)

(5)

(6)

Full sample Large Medium-sized ~ Without CC ~ With CC  With MCC
Hospital effects included included included included included included
Episode of care effects included included included included included included
Observations 536,782 392,728 144,054 420,462 92,337 21,764
Model ZTNB ZTNB ZTNB ZT Poisson ZTNB ZTNB
Pseudo R-squared 0.164 0.163 0.172 0.166 0.144 0.142

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;

**p<0.05; ***p<0.01.
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Table A.5: LOS models: Incidence rate ratios

(1) 2 3) 4) (5) (6)
Full sample Large Medium-sized =~ Without CC ~ With CC  With MCC

Year of discharge
(base = year 2015)

year 2016 0.991* 0.993 0.980** 0.986** 0.987 1.050%**
(0.005) (0.005) (0.008) (0.005) (0.010) (0.016)
year 2017 0.971*** 0.974*** 0.956*** 0.972%** 0.965*** 1.003
(0.007) (0.007) (0.010) (0.006) (0.013) (0.017)
year 2018 0.951%** 0.954*** 0.933*** 0.951*** 0.940*** 0.979*
(0.008) (0.010) (0.010) (0.007) (0.013) (0.011)
year 2019 0.940%** 0.941%** 0.928*** 0.934*** 0.942%** 0.987
(0.008) (0.010) (0.013) (0.007) (0.012) (0.021)
Age
(base = DEC 02-04)
DEC 01 0.961 0.973 0.864*** 0.947** 1.010 0.916*
(0.026) (0.023) (0.037) (0.021) (0.070) (0.045)
DEC 05 0.992 0.990 1.001 0.995 0.988 1.011
(0.011) (0.011) (0.012) (0.012) (0.007) (0.016)
DEC 06 1.011 1.010 1.019 1.019 0.983 1.035*
(0.018) (0.018) (0.023) (0.022) (0.011) (0.021)
DEC 07 1.035 1.032 1.053* 1.043* 1.001 1.056**
(0.022) (0.021) (0.030) (0.027) (0.012) (0.023)
DEC 08 1.079*** 1.075%** 1.103*** 1.087*** 1.043*** 1.087***
(0.024) (0.022) (0.035) (0.029) (0.015) (0.025)
DEC 09-10 1.150%** 1.145%** 1.174%** 1.148*** 1.124%** 1.105%**
(0.035) (0.033) (0.045) (0.039) (0.029) (0.019)
Gender

(base = male)

female 1.013 1.017 0.999 1.015 1.015 0.997
(0.012) (0.013) (0.012) (0.015) (0.010) (0.010)

CC level
(base = without CC)

with CC 1.178*** 1.170*** 1.201*** - - -
(0.034) (0.034) (0.035)

with MCC 1.512%** 1.487*** 1.596*** - - -
(0.070) (0.064) (0.089)

without split 1.361 1.314 1.544** - - -
(0.259) (0.257) (0.262)

ICU

(base = no)

ICU (yes) 1.336*** 1.338*** 1.327*** 1.321%** 1.354*** 1.472%**
(0.091) (0.089) (0.109) (0.093) (0.078) (0.093)

Continued on next page



A. Additional tables

Continuation of Table A.5

(1) (2 ®3) (4) (5) (6)
Full sample Large Medium-sized =~ Without CC ~ With CC  With MCC

Hospital effects included included included included included included
Episode of care effects included included included included included included
Observations 536,782 392,728 144,054 420,462 92,337 21,764
Model ZTNB ZTNB ZTNB ZT Poisson ZTNB ZTNB
alpha 0.013*** 0.016*** 0.002*** - 0.041*** 0.116***

(0.016) (0.017) (0.001) (0.020) (0.021)
Pseudo R-squared 0.164 0.163 0.172 0.166 0.144 0.142

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses; *p<0.1;

**p<0.05; ***p<0.01.
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Table A.6: LOS models by episodes of care: Marginal effects

(1) (2) 3) (4) (5)
Laparoscopic Bowel PTCA Hip Delivery
cholecystectomy  resection replacement
Year of discharge
(base = year 2015)
year 2016 -0.122 -0.162 -0.017 -0.273 -0.013
(0.078) (0.229) (0.064) (0.248) (0.049)
year 2017 -0.190* -0.401 -0.017 -0.507 -0.072
(0.111) (0.276) (0.086) (0.330) (0.058)
year 2018 -0.237*** -0.827** -0.310*** -0.732** -0.121%***
(0.091) (0.345) (0.064) (0.357) (0.043)
year 2019 -0.298*** -1.237***  -0.359*** -0.988*** -0.197***
(0.088) (0.255) (0.079) (0.298) (0.048)
Age
DEC 01 0.276* 1.259 - - -
(0.160) (1.117)
DEC 02-04 base base - - -
) ()
DEC 05 -0.023 -0.131 - - -
(0.039) (0.462)
DEC 06 0.034 -0.027 - - -
(0.041) (0.416)
DEC 07 0.239*** 0.408 - - -
(0.046) (0.404)
DEC 08 0.561*** 0.923* - - -
(0.064) (0.495)
DEC 09-10 1.019*** 2.305*** - - -
(0.109) (0.493)
DEC 01-05 - - base base -
) ()
DECO06 - - 0.017 -0.027 -
(0.035) (0.162)
DECO07 - - 0.182*** 0.243** -
(0.028) (0.109)
DECO08 - - 0.436*** 0.678*** -
(0.039) (0.144)
DEC 09-10 - - 1.006*** 1.258*** -
(0.084) (0.171)
DECO02 - - - - base
()
DECO03 - - - - -0.011
(0.038)

Continued on next page
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XII

Continuation of Table A.6

1 2 3) (4) (5)
L i Bowel Hi
aparoscopic owe PTCA ip Delivery
cholecystectomy  resection replacement
DEC04 - - - - -0.051
(0.037)
DECO05 - - - - -0.012
(0.041)
Gender (base = male)
female -0.160*** 0.008 0.082** 0.099 -
(0.037) (0.156) (0.034) (0.064)
CC level
(base = without CC)
with CC 0.642** 3.865%** 1.162%** 0.809*** 0.472%**
(0.279) (0.399) (0.168) (0.167) (0.062)
with MCC 1.636%** 9.785*** 1.957*** 2.174%** 0.752%**
(0.170) (0.426) (0.111) (0.359) (0.131)
without split - 26.260*** 3.254*** - 0.182
(1.424) (0.419) (0.141)
ICU (base = no)
ICU (yes) 1.553*** 2.818*** 2.841%*** 0.578*** 0.284
(0.189) (0.372) (0.268) (0.102) (0.196)
Additional variable
(base = Vaginal delivery)
Cesarean section - - - - 1.326%**
(0.186)
Hospital effects included included included included included
Observations 17,430 15,537 45,156 12,154 154,141
Model ZT Poisson ZTNB ZTNB ZT Poisson  ZT Poisson
Pseudo R-squared 0.038 0.057 0.113 0.033 0.027

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses;

*p<0.1; **p<0.05; ***p<0.01.
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Table A.7: LOS models by episodes of care: Incidence rate ratios

(1) (2) 3) (4) ()
Laparoscopic Bowel PTCA Hip Delivery
cholecystectomy  resection replacement
Year of discharge
(base = year 2015)
year 2016 0.977 0.989 0.996 0.976 0.997
(0.015) (0.015) (0.017) (0.021) (0.009)
year 2017 0.964* 0.974 0.996 0.956 0.986
(0.021) (0.018) (0.022) (0.028) (0.011)
year 2018 0.955%** 0.946** 0.919*** 0.937** 0.977***
(0.017) (0.022) (0.016) (0.030) (0.008)
year 2019 0.943*** 0.919***  0.906*** 0.914*** 0.962%**
(0.016) (0.016) (0.019) (0.024) (0.009)
Age
DECO01 1.056* 1.089 - - -
(0.032) (0.080)
DEC 02-04 base base - - -
() ()
DEC 05 0.995 0.991 - - -
(0.008) (0.032)
DEC 06 1.007 0.998 - - -
(0.008) (0.029)
DEC 07 1.049*** 1.029 - - -
(0.010) (0.029)
DEC 08 1.114%** 1.065* - - -
(0.014) (0.037)
DEC 09-10 1.207*** 1.163*** - - -
(0.023) (0.039)
DEC 01-05 - - base base -
) ()
DEC06 - - 1.005 0.997 -
(0.010) (0.015)
DECO07 - - 1.054*** 1.023** -
(0.009) (0.011)
DECO08 - - 1.130*** 1.064*** -
(0.012) (0.014)
DEC 09-10 - - 1.299%** 1.119*** -
(0.028) (0.017)
DECO02 - - - - base
)
DECO03 - - - - 0.998
(0.007)

Continued on next page



A. Additional tables XIV
Continuation of Table A.7
1 2 (3) (4) (5)
L i Bowel Hi
aparoscopic owe PTCA ip Delivery
cholecystectomy  resection replacement
DEC04 - - - - 0.990
(0.007)
DECO05 - - - - 0.998
(0.008)
Gender (base = male)
female 0.969*** 1.001 1.022** 1.009 -
(0.007) (0.011) (0.009) (0.006)
CC level
(base = without CC)
with CC 1.129** 1.328*** 1.347%** 1.075%** 1.094***
(0.057) (0.038) (0.054) (0.016) (0.013)
with MCC 1.330%** 1.831%**  1.585%** 1.201%** 1.150%**
(0.036) (0.046) (0.039) (0.033) (0.026)
without split - 3.230*** 1.972%** - 1.036
(0.123)  (0.130) (0.028)
ICU (base = no)
ICU (yes) 1.316%** 1.230***  1.964*** 1.055%** 1.056
(0.040) (0.037) (0.118) (0.010) (0.039)
Additional variable
(base = Vaginal delivery)
Cesarean section - - - - 1.276%**
(0.025)
Hospital effects included included  included included included
Observations 17,430 15,537 45,156 12,154 154,141
Model Z'T Poisson ZTNB ZTNB ZT Poisson  ZT Poisson
alpha - 0.108***  0.057*** - -
(0.007) (0.014)
Pseudo R-squared 0.038 0.057 0.113 0.033 0.027

Note: Length of stay is a dependent variable, robust standard errors are provided in parentheses;
*p<0.1; **p<0.05; ***p<0.01.
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