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ABSTRACT

Excess inpatient length of stay (LOS) varies between hospitals and is burden-
some to patients and the overall healthcare system. Variation in LOS has often been
associated with hospital-level factors, such as hospital efficiency and quality. Clostrid-
ium difficile infection (CDI) is an increasingly common hospital-acquired (HA) in-
fection. This thesis explores the connection between hospital incidence of CDI and
excess LOS in patients without a CDI. It is hypothesized that HA-CDI incidence
may act as a “proxy variable” to capture unobserved hospital characteristics, such as
hospital quality or efficiency, associated with prolonged LOS. In addition, hospitals
with longer LOS may tend to observe more HA-CDI cases prior to discharge. This
thesis analyzes the ability of CDI incidence to capture excess LOS variation across
hospitals, while controlling for CDI cases that occur after discharge.

We use data on hospital inpatient visits, spanning the years 2005-2011, from
three data sources distributed by the Healthcare Cost and Utilization Project: the
Nationwide Inpatient Sample (NIS), and the State Inpatient Databases (SID) for
California and New York. The NIS provides discharge records from a nationwide
sampling of hospitals in a given year. The SIDs are longitudinal populations of
inpatient records in each state, and patient records can be linked across stays. We
compute a variety of different measures of hospital CDI incidence and identify HA-
CDI cases that occur after a patient is discharged.

Various multivariable regression models are analyzed to predict LOS at an
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individual patient level. A generalized linear modeling approach is used, and different
distributions and link functions are compared using the Akaike information criterion.
A multilevel modeling approach is also used to estimate the amount of between-
hospital variation in LOS that can be explained by HA-CDI incidence.

We find CDI incidence to be a strong predictive factor for explaining a patient’s
LOS and is one of the strongest predictive variables we identified. Moreover, CDI
incidence appears to primarily capture between-hospital variation in excess LOS. Al-
though we find evidence that present-on-admission indicators may underreport cases
of HA CDI, our findings suggest the connection between CDI incidence and excess
LOS is driven primarily by CDI cases that are HA. In addition, when we account
for HA-CDI cases that occur post-discharge, the relationship between CDI incidence
and LOS appears even stronger. Our results suggest that CDI incidence may be a

powerful tool for making comparisons of excess LOS across hospitals.
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PUBLIC ABSTRACT

Excess inpatient length of stay (LOS) is burdensome to patients and the overall
healthcare system. Inpatient LOS varies dramatically among patients and hospitals.
Excess LOS has often been associated with hospital-level factors, such as hospital
efficiency and quality. Clostridium difficile infection (CDI) is an increasingly common
healthcare-associated infection, and can be community or hospital acquired (HA). We
hypothesize that a hospital’s incidence of HA CDIs may serve as a “proxy variable”
for unmeasured hospital characteristics related to excess LOS.

This thesis evaluates the connection between CDI incidence and LOS in pa-
tients without CDIs. We use data on hospital inpatient visits, spanning the years
2005-2011, from three data sources distributed by the Healthcare Cost and Utiliza-
tion Project: the Nationwide Inpatient Sample, and the State Inpatient Databases
for California and New York. Various statistical models are used to explain LOS vari-
ation while controlling for patient and hospital characteristics. We compare different
measures of CDI incidence and identify HA-CDI cases that occur after a patient is
discharged.

We find CDI incidence to be a strong predictive factor for explaining a pa-
tient’s LOS, and CDI incidence works well to explain variation in the average LOS
among hospitals. Our findings also suggest this connection is driven primarily by
CDI cases that are HA. In addition, when we account for HA-CDI cases that oc-

cur post-discharge, the relationship between CDI incidence and LOS appears even

v



stronger. Our results suggest that CDI incidence may be a powerful tool for making

comparisons of excess LOS across hospitals.
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CHAPTER 1
INTRODUCTION

Inpatient length of stay (LOS) is one of the main drivers of hospital costs and,
as a result, a significant contributor to overall health expenditure [124, 125]. Efforts
to reduce healthcare spending have often targeted LOS as an area where costs may
be contained [142]. Consequently, reimbursement strategies on the part of Medicare,
as well as managed care organizations, have been responsible for decreasing tends
in LOS and shifts in care from inpatient to ambulatory settings [72, 136, 108, 52].
However, increased LOS is not only costly from a reimbursement perspective, but
also because it may increase a patient’s risk of exposure to harmful events such as
hospital-acquired infections (HAIs) or other hospital-associated (HA) adverse events
[65]. Hospital administrators must also consider the ‘opportunity costs’ associated
with a patient’s LOS, insofar as each day a patient remains hospitalized represents
a potential missed opportunity for the treatment of another patient [62]. Because of
these burdens, LOS has become one of the most commonly used outcome measures
in clinical research. LOS is frequently used to measure healthcare costs and other
burdens attributable to specific diseases and healthcare events. Studies of healthcare
quality have also used LOS as an indirect outcome measure, and prolonged LOS
has been shown to be associated with other markers of care quality [168, 143, 146].
Finally, LOS is one of the primary measures of hospital output in studies of healthcare
efficiency [68, 99].

LOS varies dramatically across both patients and hospitals [19], and such



variations have often been considered a marker for unnecessary or excess healthcare
use [99, 153]. However, ordinary variations in LOS, either across patients, providers
or hospitals, are expected as patient disease states and treatment resources also vary.
First of all, LOS can be expected to vary across different categories of diagnoses as
well as procedures [25, 27, 57]. Patient characteristics such as age, disease severity or
comorbidity have also been associated with variations in LOS [126, 92, 70]. Hospital
and provider-level characteristics, such as bed size and teaching status, have also
been found to be related to LOS [99, 166, 57]. Thus, when using LOS as a measure of
the healthcare burden associated with specific conditions, it is important to properly
control for all of these sources of LOS variation. Failing to control for any of the factors
associated with LOS may lead to inaccurate estimation of the LOS attributable to
specific events or conditions. In fact, studies have shown that when estimating the
excess LOS attributable to HAIs, one can obtain drastically different estimates when
different sets of control variables are used [157, 106]. Given the abundance of research
that has used LOS as an outcome measure, it is important that researchers have an
understanding of all the factors that contribute to variations in LOS.

LOS has been frequently used as an outcome measure in the study of HA
adverse events (AEs). AEs occurring in hospitalized patients have generally been
associated with increased LOS. Examples include hospital falls [47, 163], adverse
drug events [25], and surgical complications [69, 79]. Patient safety indicators (PSls),
which are specific indicators of patient safety and hospital quality developed by the

Agency for Healthcare Research and Quality (AHRQ), have also been analyzed using



LOS [168, 133]. HAIs are, perhaps, the most frequently studied set of hospital related
AEs. Some of the various HAIs that have been studied using LOS include surgical-
site infections [161, 75|, bloodstream infections [121, 123] and methicillin-resistant
Staphylococcus aureus (MRSA) [96, 29].

Clostridium difficile infection (CDI) is a common HAI that has often been
studied using LOS. CDIs are the leading cause of nosocomial diarrhea and colitis,
and have now become one of the most common HAIs [5, 84, 45]. In general, CDIs
can be either community associated (CA CDI) or healthcare/hospital associated (HA
CDI), though HA CDI’s are most common [148]. Much effort has been expended to
classify CDIs according to these specific sources [83, 87, 46]. Patients who acquire
CDIs in hospital settings tend to experience much longer LOS than uninfected pa-
tients, although estimates of the increased LOS attributable to CDIs have varied quite
dramatically [45, 58]. Part of the variation in the estimates of LOS attributable to
CDI likely stems from the fact that such estimates have been obtained using a variety
of study designs and statistical methodologies [109]. Moreover, there is an interdepen-
dent connection between CDI and LOS, since patients that experience longer stays
are at greater risk of acquiring a CDI. Certain methodological approaches may be
better suited to handle this type of endogenous relationship [110, 62]. Consequently,
increasing awareness has been drawn to the complex relationship between CDI and
LOS in infected patients.

While previous research has analyzed the excess LOS that can be attributed

to HAIs such as CDI, the occurrence of these conditions at a hospital level has rarely



been studied as a factor associated with LOS in uninfected patients. In the case of
CDI, it is conceivable that a hospital’s CDI incidence rate may act as a “proxy vari-
able” capturing unmeasured factors associated with increased LOS in all hospitalized
patients, even those who do not become infected. It is possible that hospitals with a
higher incidence of CDIs may also have factors that lead to increased LOS in all pa-
tients, or vice versa. Two basic theoretical links may establish a connection between
CDI incidence and LOS in uninfected patients.

First, a number of hospital-level factors that are associated with increased LOS
may directly or indirectly lead to a greater number of HA CDI cases. Many of the
frequently used measures of hospital quality have been associated with increased LOS
[168, 160]. Some dimensions of quality may also be associated with the occurrence
of HA CDI. For example, hospital cleaning and sanitation practices, antimicrobial
stewardship and hand-hygiene are all factors that have been cited for reducing the
spread and occurrence of CDI in hospital settings [39]. It is plausible that hospitals
that are of better quality, and have shorter LOS, may also have better infectious
disease practices leading to lower rates of HA CDI. Additionally, other hospital char-
acteristics, such as the availability of private rooms to treat infected patients, which
may be difficult to assess from commonly available hospital measures (e.g., teaching
status or bed-size) may also be directly related to LOS and CDI incidence [39, 31].

Factors that are associated with increased LOS may also be indirectly associ-
ated with CDI, since increased LOS is itself a risk factor for HA CDI. LOS has often

been viewed as a measure of hospital efficiency, and hospitals that have longer LOS



may be deemed to be inefficient [99, 9, 17]. If such hospitals have discharge or care-
coordination inefficiencies that result in longer LOS, they may also have a greater
occurrence of HA CDIs as a result. Thus, hospital efficiency, or quality, and other
factors not directly associated with CDI, may be indirectly related to CDI incidence
because of prolonged patient exposure.

While this first theoretical link between CDI incidence and LOS is driven
by an increased occurrence of HA CDI cases, the second theoretical connection is
associated with an increased number of CDI cases that are captured by hospital
discharge records. The patient records at hospitals with a higher average LOS may
tend to capture a greater number of HA CDI cases, insofar as HA CDI cases may
be more likely to be observed prior to discharge at such hospitals. A growing body
of literature suggests a significant number of HA CDI cases do not occur until after
a patient has been discharged from a health care setting [87, 23, 40, 35]. Studies
have also suggested that the number of post-discharge CDI cases may be increasing
[113, 37]. Therefore, hospitals that have longer average LOS, either because of quality,
efficiency or other factors, may appear to have a greater CDI incidence simply because
their discharge records may be more likely to capture HA CDIs that occur later in
patient stays. Evidence for this effect has been provided by one study that found post-
discharge cases of HA CDI to be more common at hospitals having longer average
LOS [113].

For both of these theoretical connections, CDI incidence acts as a proxy vari-

able for unmeasured hospital factors that are associated with increased LOS. Thus,



if CDI incidence can be shown to be highly correlated with a patient’s LOS, after
accounting for other patient and provider characteristics, it may serve as a poten-
tial confounding factor that should be controlled for when making LOS comparisons
across hospitals. Future studies that use LOS as an outcome measure will need to
take steps to control for CDI incidence or the factors for which it serves as a proxy.
Moreover, if CDI incidence can be shown to account for LOS variations across hospi-
tals, then hospital CDI incidence represents not only a useful measure for infectious
disease surveillance but also for hospital-resource utilization.

Organizations such as the Centers for Medicare and Medicaid Services (CMS)
and the Centers for Disease Control and Prevention (CDC) have already required
or called for the reporting and surveillance of the rates of HAIs across hospitals
[150, 113]. Consequently, in many states, hospitals are now required by law to report
their incidence of HAIs, including CDI [2, 129, 66]. At least 20 states in the US now
have laws mandating hospitals to report cases of HA CDI [129]. A motivation of such
efforts has been to measure and compare healthcare quality and disease presence
across hospitals. Studies have already begun using HA CDI incidence, as well as
incidence rates for other HAIs, to create rankings across hospitals [30, 151]. If CDI
incidence also serves as a marker for excess LOS and resource use between hospitals,
this information may be useful for policy makers wishing to reduce overall healthcare
expenditure. Similarly, the reporting of CDI incidence may be helpful for patients
wishing to avoid unnecessary LOS and hospital costs.

A preliminary study was conducted to analyze the link between LOS and CDI-



incidence; this preliminary research serves as the impetus for this thesis [107]. This
previous work was carried out using data from the Healthcare Cost and Utilization
Project (HCUP) Nationwide Inpatient Sample (NIS), for the years 2009-2011. In this
study, LOS was analyzed at both an individual patient level and an average hospital
level, using only patients that did not have a CDI. We find that CDI incidence is
strongly associated with increased LOS even after controlling for a large number
of patient and hospital characteristics. An increase in a hospital’s CDI incidence
by one percentage point was found to be associated with an increase in a patient’s
LOS between 4.37% and 7.47%. Moreover, CDI incidence was not just found to
be a significant predictor of inpatient LOS, but was also reported to be one of the
“strongest” explanatory variables out of a set of over 400 different variables included.
Of all the hospital-level variables (e.g., bed-size or teaching status) that this study
analyzed, CDI incidence was found to be the strongest hospital-related factor for
explaining variation in inpatient LOS among hospitals.

While this preliminary study has suggested a link between CDI incidence and
LOS, and that CDI incidence may be one of the strongest explanatory variables for
LOS, there are two important issues this initial research was unable to address. First,
the preliminary study was unable to distinguish between CDI cases that were HA
versus those that were CA. Many of the theoretical connections between CDI incidence
and LOS, mentioned above, are suggested to occur via HA CDI. Administrative
databases that allow for LOS comparisons among hospitals, such as the NIS used in

the preliminary study, often do not contain information on HA status. Thus, the



preliminary research was conducted using all CDI cases to calculate a hospital’s CDI
incidence, which has been previously validated as means of assessing overall CDI
burden within a hospital [140, 41, 38]. As a sensitivity analysis, the preliminary
study also used secondary diagnostic codes (i.e. CDI was not the primary reason for
admission) to suggest that the effect was being driven by HA CDI cases. However,
CDI indicated by a secondary diagnosis has been shown to be a poor marker for
HA CDI [38]. If, as has been theorized, HA CDI is the primary factor linking CDI
incidence to LOS, then CDI incidence should be calculated and analyzed using only
these cases. Therefore, if future studies are to use CDI incidence as a marker for
unmeasured confounding associated with LOS, research is first needed to determine
which CDI cases are primarily driving this effect.

Second, the preliminary study was unable to account for any CDI cases that
may have occurred post discharge. The other theoretical link connecting CDI inci-
dence to LOS is that hospitals with longer LOS may simply capture more CDI cases
that would have otherwise occurred post-discharge. It is important to consider how
much of the connection between CDI incidence and LOS is driven by this effect.
Understanding the magnitude of this effect is necessary for both future researchers
and policy makers wishing to use CDI incidence to make LOS comparisons between
hospitals. For example, if the post-discharge effect is substantial, it is imperative to
include post-discharge CDI cases in the hospital’s rate. Failure to capture HA CDI
cases that occur post discharge, when calculating a hospital’s HA CDI rate, may lead

to a type of attenuation bias when using this rate as an explanatory variable. More-



over, changes have been occurring over time that may alter the connection between
CDI incidence and LOS. The number of post-discharge CDI cases has been increasing,
and it has been suggested that this may be due in part to pressure on hospitals to
reduce LOS [113]. In addition, LOS has been decreasing while the number of CDI
cases has been increasing over time [3, 148, 37]. Given these trends, the connection
between CDI incidence and LOS that is due to post-discharge CDI cases may also be
changing across time. If a significant portion of the connection between CDI incidence
and LOS is driven by the effect of post-discharge CDI, these changes may alter the
ability of CDI incidence to be used a proxy measure for LOS.

Given the potential for CDI incidence to serve as a proxy variable for unmea-
sured hospital factors associated with LOS, and the strong connection suggested by
the preliminary work, this thesis is intended to extend the preliminary research while
addressing its main limitations. This thesis uses inpatient records across hospitals,
states and time to study the connection between HA CDI incidence and increased
LOS in patients who do not experience a CDI. In doing so, this study extends the
previous analysis in the following dimensions. First, a wider range of years is stud-
ied to analyze trends in the connection between CDI incidence and LOS. Second,
alternative data sources and statistical techniques are used to estimate the effect of
HA CDI incidence as opposed to overall CDI incidence in a hospital. Finally, data
are used where discharge records may be linked for patients across time in order to
help control for, and estimate the effect of, post-discharge CDI cases. This study was

designed to address the following two objectives:
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e Objective 1: FEstimate the effect of HA CDI incidence on inpatient LOS

across hospitals and analyze if, and how, this effect has changed across time.

e Objective 2: Determine the extent to which the effect described by Objective

1 is attributable to post-discharge cases of HA CDI.

In order to meet these objectives this study relies on two main sources of in-
patient data, and analyses were conducted separately for each. First, the HCUP NIS,
used in the preliminary study, is expanded to cover the seven-year period from 2005-
2011. Second, HCUP State Inpatient Databases (SID) from the states of California
and New York, also covering the years 2005-2011, were analyzed. While the NIS is a
sample of selected hospitals across the entire US, the SID represents a complete set
of all inpatient records within a state. Each of these data sources has strengths and
weaknesses when it comes to studying LOS and CDI incidence. The NIS contains
a wider range of hospital- and patient-level variables that may be related to LOS
but lacks indicators for whether a diagnosis is present on admission (POA) or HA.
Additionally, hospitals and patient records are unable to be linked across time in the
NIS. On the other hand, patient records can be linked in the New York and California
SID, and diagnoses are assigned POA indicators. However, the SID also lacks many
of the variables that were found to be associated with LOS in the preliminary study.
By conducting two separate analyses using these different data sources, this study
provides a much better understanding of the connection between CDI incidence and

LOS, and it overcomes some of the limitations associated with a single set of data.
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This study found consistent evidence of a strong relationship between CDI
incidence and LOS that reinforces and expands upon the findings of our preliminary
work. This connection was also observed across the entire study period and in each of
the data sources that were analyzed. The results of this thesis provide strong evidence
that the connection between CDI incidence and LOS is driven by HA cases of CDI.
Moreover, this relationship does not appear to be driven by the effect of CDI cases
occurring post discharge. If anything, controlling for post discharge CDI made the
relationship between CDI incidence and LOS appear even stronger. This research also
uncovered interesting secondary findings, including evidence that hospital reporting
of HA CDI, using POA indicators, may be dramatically underutilized and is heavily
influenced by reporting mandates and other differences across states. Moreover, this
thesis provides foundational motivation for future studies to better understand the
specific factors driving the relationship between HA CDI incidence and LOS, along
with the hospital reporting mandates and various CDI measurements that can allow
one to capture this relationship.

The remainder of this thesis is organized in the following manner: Chapter 2
reviews the pertinent body of previous literature. This review summarizes the liter-
ature relevant to inpatient LOS, CDI, and the proposed link between CDI incidence
and LOS. Chapter 3 outlines the methodological approach that was used to study the
connection between inpatient LOS and hospital CDI incidence; this includes the data
sources, variables, theoretical models and statistical methods that were employed.

Chapter 4 summarizes the results that were obtained, which are broken into results
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obtained in the NIS, the SID for California and the SID for New York. Finally, chap-
ter 5 provides a discussion of the findings, along with a summary of this study’s major

limitations, areas for future work and overall conclusions.
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CHAPTER 2
LITERATURE REVIEW

As described in the introduction, a large body of literature exists that has
either studied LOS directly or has used LOS as an outcome when analyzing other
healthcare-related events. However, when analyzing LOS associated with such events
it is important to control for all confounding factors associated with variations in
LOS. One HA event that has commonly been studied using LOS is CDI; LOS has
been studied as both an outcome and a risk factor for HA CDIs. Such studies have
focused on the connection between LOS and CDI only in infected patients. However,
on a theoretical level, it is that conceivable that CDI incidence may capture factors
associated with increased LOS, even in uninfected patients. Although literature in
this regard is limited, some studies provide evidence that such a link may exist. Below
I review some of the previous literature that is relevant to the study of CDI incidence
as a proxy measure for prolonged inpatient LOS. I begin by providing a general
discussion of inpatient LOS, some of its drivers, and why it has become a commonly
used outcome measure. I then provide a description of CDI, its epidemiology, risk
factors, and outcomes. I also highlight some of the intricacies of identifying, measuring
and classifying cases of CDI. Finally, I provide a discussion of the factors that may
be suggestive of a theoretical link between the occurrence of CDI at a hospital level

and the LOS in patients who do not experience a CDI.
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2.1 Inpatient Length of Stay

Inpatient LOS has received a great deal of attention and is one of the most
commonly used outcome measures in clinical research. The primary reason for this
attention to LOS is the connection with cost. Inpatient LOS is generally treated
as a measure for hospital costs and resource utilization. Publications of hospital
costs and overall healthcare expenditure often report dollar figures associated with
spending a day in the hospital. For example, the Kaiser Family Foundation, which
publicly provides many types of healthcare statistics, often reports hospital expenses
per inpatient day as one measure for comparing hospital costs across states and time
[56]. They report that in 2012, the average hospital expense in the US was around
$2,090 per inpatient day. While these values reflect one dimension of hospital-related
costs, they may not perfectly reflect the true costs or burdens associated with inpatient
LOS.

As a starting point, many hospital costs are directly associated with a patient’s
LOS. The resources required to house and care for patients on a daily basis are directly
tied to a patient’s LOS. Such costs may include the staffing of nurses and physicians,
the cleaning and maintenance of rooms, and any routine procedures and testing that
are conducted on a daily basis. These direct LOS costs are likely to depend on where
a patient is located in the hospital and the conditions being treated. For example,
Fine et al. (2000) find that room costs make up 59% of the median daily cost for
patients admitted with community-acquired pneumonia. Similarly, Plowman et al.

(2001) find the majority of costs associated with HAIs to be driven by factors directly
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tied to LOS, such as nursing care or medical time. On the other hand, direct LOS
costs have also been reported to be much greater for certain patients. Coello et al.
(1993) report that over 90% of the increased costs in surgical patients that have HAIs
are directly associated with increased LOS.

In addition to these direct costs, LOS is also highly correlated with hospital
costs in general. Patients who have greater disease severity [88] or have greater
comorbidity [63] are also likely to have longer LOS and greater overall costs. LOS
and overall hospital costs may also be correlated across various diagnostic related
groups (DRGs) [25]. Even at an average hospital level, those hospitals that use a
greater number of overall resources have been shown to have a higher average LOS
[114]. As a result of the correlation between LOS and overall costs, a number of
studies have used LOS as a stand-alone surrogate measure for a patient’s resource
consumption and cost [20, 61, 7, 127, 12]. However, because LOS is correlated with
overall hospital costs, estimating the relationship between overall costs and those
directly associated with LOS can be challenging. Polverejan et al. (2003) use a two-
model approach to estimate the mean hospital cost associated with LOS. The authors
highlight the difficulty of separating overall costs from those specifically associated
with LOS. Perhaps as a consequence, it has been fairly common for studies to use
both LOS and total cost simultaneously, as separate outcome measures, rather than
estimating the interdependence between LOS and overall costs [10, 24, 115, 28, 32].

Costs associated with LOS are also highly dependent on which days in a pa-

tient’s stay are being observed. Several studies have reported that daily costs are
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much greater at the beginning of a patient’s stay, where resource use may be more
intensive, than at the end of the stay, where room and board costs become most
prevalent. Fine et al. (2000) find that, while daily room costs were fairly constant
across a patient’s stay, daily non-room costs were significantly concentrated at the
beginning of the stay. They report that the daily non-room cost on the first day of a
stay was 282% greater than the average daily non-room cost over the entire stay. Sim-
ilarly, Taheri et al. (2000) found that the majority of daily costs were concentrated in
the first 3 days, with the last full day accounting for around 2.4% of a patient’s mean
total cost. Polverejan et al. (2003) also find that average patient charges increase
less rapidly across patients with longer total LOS. These results imply that reducing
a patient’s overall LOS may not have a proportional effect on costs.

While the costs associated with LOS are often framed in terms of resource
consumption, there are many indirect costs associated with LOS. Increased LOS may
also be associated with increased potential exposure to harmful events, which can lead
to additional resource costs. Increased LOS is an established risk factor for many HA
adverse events. HAIs such as CDI, MRSA, and Vancomycin-resistant Enerococcus
(VRE) have all been associated with increased LOS [13, 60, 155]. Hauck & Zhao
(2011), find that a patient’s risk of having an adverse drug reaction, an infection, or
an ulcer increase by 0.5%, 1.6%, and 0.5%, respectively, for each day a patient stays
in the hospital. Thus, increased LOS may expose a patient to additional harm that
may further burden their level of health and lead to additional costs.

However, if a shorter LOS is due to a patient being discharged too early, then
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the indirect costs associated with LOS might be inversely related to LOS. When pa-
tients are discharged too soon, many of the healthcare responsibilities that would
otherwise be undertaken by providers in the inpatient setting may be shifted to indi-
viduals outside the hospital. Jonsson & Lindgren (1980) note that a patient’s family
members and friends often assume a role of helping to care for a patient when they
are discharged. Such costs are often not considered from a reimbursement perspective
but are seen by patients and are indirectly tied to LOS. Similarly, a study by Yaldo
et al. (2001) surveyed physicians to analyze factors associated with the decision to
discharge patients infected with MRSA. This study found that physicians considered
a patient’s level of social support, along with the availability of oral or outpatient
therapy when deciding whether to discharge a patient. These findings suggest, at
least from the perspective of physicians, that self-care can be a substitute for LOS.
Therefore, the timing of a patient’s discharge and, consequently overall LOS, may
play a role in who bears the costs associated with LOS.

Not only is LOS costly from a patient or reimbursement perspective, it can
also be costly from a hospital and administrator perspective. A growing body of
literature has analyzed LOS from a hospital’s perspective. Graves et al. (2010) note
that one of the potential benefits of reducing the LOS associated with HAIs may
come from freeing up bed-days that can be used to treat other patients. Thus, from
an economic perspective, increased LOS represents a type of opportunity cost to
hospitals in the form of lost patient volume, with each additional day a patient stays

representing one less bed-day available to treat other patients. However, Graves et al.
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(2010) also note that, from an accounting perspective, many hospital costs are fixed
and, in the short-run, if demand for bed-days is low, decreased LOS may actually
be more costly. Roberts et al. (1999) make a similar argument, noting that around
84% of a hospital’s budget is associated with fixed costs. The authors suggest that
efforts to shift inpatient stays to ambulatory or observational settings, which reduce
inpatient LOS, might actually be costly to hospitals where fixed costs may not be
easily reduced. Therefore, from a hospital perspective, the connection between LOS

and costs may be much less clear than from a reimbursement standpoint.

2.1.1 Trends in LOS

Although some costs may be inversely related to LOS, increased LOS has
generally been treated as a factor associated with increased hospital costs. Conse-
quently, many efforts to reduce rising healthcare spending have targeted unnecessary
or extended LOS as a potential area where costs may be contained. Many of these
cost containment efforts took root in the early 1980s and, since then, the number of
inpatient days and average inpatient LOS have been trending downwards. Table 2.1
summarizes average inpatient LOS, total inpatient days and the total number of dis-
charges from 1980 to 2010 [3]. From 1980 to 2010, average, age-adjusted, inpatient
LOS has decreased from 7.5 days to 4.8 days, while total inpatient days decreased
from 13,027 days to 5,369. While LOS and inpatient stay declined fairly rapidly
throughout the 1980s and 1990s, the declines appear to have leveled off in the early

2000s. These decreases were driven not only by a decline in the duration of inpatient
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Table 2.1: Inpatient LOS Across Time

Year Average LOS Inpatient Days Discharges
1980 7.5 13,027.0 1,744.5
1985 6.6 10,017.9 1,522.3
1990 6.5 8,189.3 1,252.4
1995 5.4 6,386.2 1,180.2
2000 4.9 5,576.8 1,132.8
2005 4.8 5,541.7 1,162.4
2010 4.8 5,369.2 1,125.1

Source: CDC National Center for Health Statistics [3]

stays, but also by a shift of inpatient care to outpatient settings [72, 136]. For ex-
ample, Schwartz and Mendelson (1991) estimated that between 1981 and 1988 the
number of inpatient days decreased by 28.1%, after accounting for the existing trend
of growth in inpatient days. They found that 4.6 percentage points of this reduction
was due to a decline in average LOS while 23.6 percentage points were due to re-
duced inpatient admissions. The substitution of outpatient for inpatient care is also
reflected in in Table 2.1 by the declining trend in total discharges.

Two primary factors have been cited for contributing to the deceasing trend
in inpatient stays and the shift to outpatient care. First, beginning in 1983, Medicare
introduced the Prospective Payment System (PPS), which fundamentally changed
the way hospitals were reimbursed for services provided to Medicare patients. Under
the PPS, hospitals were no longer reimbursed for the actual costs associated with a
patient’s care, but instead were reimbursed a fixed rate based on a patient’s specific
diagnosis-related group (DRG). The PPS was motivated, in part, because of the belief

that it would incentivize hospitals to deliver more efficient care by eliminating any
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unnecessary, but costly, care practices (e.g., excess LOS) [134]. However, a secondary
result of the PPS was that hospitals had a financial incentive to diversify into outpa-
tient care facilities, which were exempt from the PPS system, and to shift patients
into such facilities [136, 52]. Second, the growth of managed care further shifted
patient care away from outpatient settings and created financial incentives to lower
inpatient LOS. Managed care plans have increasingly contracted with non-hospital
providers and directed patients to such outpatient settings. Moreover, managed care
has often relied on the same type of PPS established by Medicare [136, 14, 108|.
While the PPS and managed care have been cited as the primary drivers of
the diminished trend in LOS, a number of advances in both treatment and clinical
knowledge have also made this trend possible. For example, studies have been con-
ducted to show that outpatient settings, such as emergency diagnostic and treatment
units or emergency department observation units, can be as, or more, effective than
inpatient care for treating certain types of conditions [138, 100]. Similarly, improve-
ments in disease screening, such as accelerated diagnostic protocols, have been shown
to reduce the number of patients needing to be admitted to inpatient care [152, 135].
A variety of improvements in inpatient care itself, such as clinical care pathways or
early rehabilitation, have been shown to lessen the total amount of time that inpa-
tients may be required to stay [147, 111]. In addition, the rise of hospitalists, within
inpatient care settings, has been credited with improved efficiency and reductions in

LOS [158].
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2.1.2 LOS as an Outcome Measure: Excess LOS, Efficiency and Quality

Given the connection between LOS and costs, and the fact that LOS has been
shown to be somewhat malleable, LOS has become one of the most commonly used
measures of healthcare burden. In fact, it is fairly common to see total costs, length
of stay and mortality as a ‘generic’ set of outcomes employed in clinical research
[88, 29, 123, 133, 25]. Two broad categories of research have utilized LOS as an
outcome measure. First, studies have looked at the LOS that is attributable to
patient-level characteristics, such as disease or treatment characteristics. Second,
studies have analyzed the role that hospital- and provider-level characteristics have
on LOS.

Studies where LOS has been used as an outcome have frequently analyzed
hospital AEs. HAIs are, perhaps, the most common set of AEs studied using LOS
as an outcome measure. Some of these HAIs include surgical-site infections [161, 75],
bloodstream infections [121, 123], MRSA [96, 29] and CDI [88, 59, 36]. Studies have
also estimated the effect of aggregated HAIs on LOS [63]. Other hospital AEs that
have been studied using LOS as an outcome include hospital falls [47, 163], adverse
drug events [25], and surgical complications [69, 79]. Increased LOS has also been
analyzed across aggregated AEs [69].

In addition to hospital-related AEs, studies have also analyzed how the char-
acteristics of a hospital stay influence LOS. First, LOS has also been used as an
outcome measure in studies of various patient and disease-specific characteristics.

For example, researchers have analyzed the LOS associated with specific disease or
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treatment characteristics received during a hospital stay: these include specific DRGs
[57], acute kidney injury [24], malnutrition [28], major elective surgery [27], reasons
for admission [98], disease severity and comorbidity [92, 70, 63, 88, 167]. Studies have
also analyzed the relationship between LOS and patient characteristics such as age,
race, sex [88, 144, 19], or primary payer [166]. The LOS attributable to these types
of factors highlights the importance of properly risk-adjusting a patient’s LOS when
attempting to estimate the excess LOS attributable to factors such as hospital AEs.

Studies have also analyzed how hospital- and provider-level characteristics can
influence a patient’s LOS. Hospital characteristics such as teaching status, ownership,
patient volume, bed size, region, and rural vs. urban location have been studied as
contributors to variation in LOS [57, 99, 166, 19, 77, 167|. Similarly, other provider
characteristics such as daily rounding of an ICU physician [32] or a physician’s years
in practice [146] have also been found to be associated with LOS. Any increased LOS
attributed to such hospital /provider characteristics may be considered to be in excess
of ordinary care, insofar as such additional LOS is not directly linked to a patient’s
initial disease state. Thus, variation in LOS associated with such factors has generally
been labeled as a marker for hospital /provider quality or efficiency.

Inpatient days and LOS have frequently been used as measures of health care
productivity and, consequently, variation in LOS across hospitals/providers has often
been attributed to differences in health care efficiency. Average LOS, across different
hospitals or time, has frequently been used as a measure of a hospital’s level of

productivity, or output [99, 9]. Healthcare efficiency is generally assessed by the
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amount of output that is produced from a given amount of input and, thus, LOS
has been assumed to be a direct marker for efficiency. LOS has been used to assess
efficiency at both a hospital level [17] and at a physician level [18]. Hollingsworth
(2008) surveys the health care efficiency literature and finds that over 50% of studies
were applied to hospitals, with most studies using output measures, such as inpatient
days, to measure productivity.

Although LOS has frequently been viewed as a measure of healthcare produc-
tivity and efficiency, a number of studies have used it as a marker of quality. Some
studies have used LOS as a direct measure of healthcare quality. For example, Scott
et al. (2004) use the presence of long stays, namely patient stays with a LOS ex-
ceeding the 90th percentile for a particular diagnostic group, as a marker of hospital
quality. Southern et al. (2011) use both LOS and mortality as markers of quality in
comparing physicians with more or fewer years of practice [146]. Similarly, Edwards
et al. (1991) and Munoz et al. (1990) use LOS and mortality as outcomes when
evaluating the quality of high- and low-volume surgeons [112, 49].

While LOS has often been used as marker for healthcare quality, much of the
healthcare quality literature has focused on the occurrence of specific quality-related
events. Thus, LOS is often not considered a direct measure of quality. However, many
quality markers have been found to be associated with increased LOS, and LOS has
often been used to validate such measures of quality. Since the late 1990s AHRQ has
worked to develop and maintain a series of quality indicators that can be used to assess

patient safety and healthcare quality. One popular set of indicators are the patient
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safety indicators (PSIs), which are a series of indicators of potential complications and
errors that may occur in hospital settings. A number of studies have used LOS, along
with inpatient mortality and/or charges, as outcome measures to assess the validity
of these PSIs [168, 137, 133, 22]. In each of these studies, various PSIs were found
to be correlated with increased LOS. Similarly, beginning in 2008 the Centers for
Medicaid and Medicare Services (CMS) identified a series of HA conditions, termed
‘never events,” for which hospitals would receive zero reimbursement when treating
such events. These events are said to be the result of poor healthcare quality and the
National Quality Foundation has determined that such events “should never occur in
a healthcare setting” [91]. Similar to the case with PSIs, studies have also evaluated

the performance of such never events as predictors of increased LOS [160].

2.2 Clostridium difficile Infection

2.2.1 General Overview: Epidemiology, Measurement, Risk factors, and Outcomes

Clostridium difficile (CD) is a gram-positive bacterium and a nosocomial
pathogen that is the leading cause of hospital-associated diarrhea and colitis [84, 35].
Since the early 2000s CDIs have become much more frequent, severe and the disease
itself has become more virulent [11]. CDIs have now become one of the most com-
mon types of HAIs [5, 84, 45]. Between 2000 and 2005 the incidence of CDIs nearly
doubled, and over this period the number of cases per year increased from 134,361 to
291,303 [71]. One of the factors associated with such increasing trends was the emer-

gence of a hypervirulent and drug-resistant strain of CD [101]. Much of the increase
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in CDIs occurred among older adults, and CDIs have most frequently been thought
of as a condition primarily affecting the elderly [84]. However, recent evidence has
also found CDIs to be increasing among infants and children [116, 169, 86]. CDIs now
pose a significant burden to the overall healthcare system and the costs associated
with CDIs in the US have been estimated between $500 million to nearly $3.2 billion
annually [103, 117].

One important issue that arises in the surveillance of CDI is that a variety
of tests may be used to diagnose an infection, and various tests may be used across
different studies [94, 80, 81]. Cell culture cytotoxicity assay (CYT) has historically
been considered the gold standard test used to diagnose CDI. However, CYT can
be time and labor intensive and, consequently, enzyme immunoassay (EIA) tests,
which are faster and easier to use, have frequently been adopted. A limitation of EIA
tests is they have also been shown to have a low sensitivity. Recently, polymerase
chain reaction (PCR) assays have been increasingly adopted and have been shown to
be highly sensitive. When comparing studies that rely on different tests to identify
CDI, it is important to realize that cases identified by one test may not be able
to be identified by another. Studies have shown that around 50% more CDI cases
are identified using the more recently adopted PCR tests than CYT and EIA tests,
which were used more frequently in the past [94, 80]. Additionally, research has
suggested that CDI cases identified by PCR alone may have a differing degree of
transmissibility than those identified by both PCR and CYT tests [81]. Because

of changes in diagnostic testing, study results may differ across time as different
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CDI patients are identified; this fact is especially important to consider when using
administrative databases where the type of testing often cannot be identified.

The leading risk factor for CDI is antibiotic use. CD is commonly found to
exist in the intestinal tract of many healthy individuals and is especially common in
adults with recent healthcare exposure, residents in long-term care facilities, newborns
and healthy infants [148]. Treatment with antibiotics may disrupt normal intestinal
flora and allow pre-existing CD in such colonized individuals to grow and form into
a CDI [90]. The duration of use and the usage of multiple antibiotics have also been
associated with increased risk for CDI [13]. In addition to antibiotics, exposure risks
that may increase a patient’s likelihood of becoming colonized with CD have also
been linked to increased risk for CDI; these include prolonged LOS, stay within an
ICU, colonization pressure, transfer from another hospital, and recent hospitaliza-
tion [95, 44, 43, 89, 16, 88].1 Moreover, a patient’s overall level of health has also
been established as a risk factor for CDI, with advanced age, disease severity and
comorbidity all linked to increased CDI risk [44, 88]. Other patient level factors that
have been associated with increased risk of CDI include gastrointestinal procedures,
cancer chemotherapy, enteral feeding, mechanical ventilation, and use of gastric acid
suppressors [95, 44, 88, 15, 82]. Hospitals that have slower turnover rates, offer trans-

plant services or are located in urban areas have been found to have greater incidence

of CDI [130].

LColonization pressure is a measure of the proportion of patients colonized with an
organism in a defined location (e.g., hospital ICU) for a given period of time (e.g., a day,
week or month).
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CD is endemic in healthcare settings and transmission has generally been per-
ceived to occur primarily in such settings. However, the spread and the transmission
of CD has recently become a matter of some controversy. On the one hand, it has been
estimated that over 20% of hospitalized patients and 50% of long-term care patients,
are colonized with CD, as opposed to around 5% of healthy adults [131, 53, 102].
These numbers would seem to suggest that the potential for transmission is much
greater in healthcare settings than in the community. Moreover, the previously men-
tioned risk factors associated with increased hospital exposure, such as colonization
pressure, prolonged LOS or recent hospitalization, also suggest that CD is primarily
transmitted in healthcare settings.

On the other hand, the notion that CDI is primarily transmitted in health-
care settings has been called into question by recent studies that have analyzed the
source of CDI using whole-genome sequencing. Walker et al. (2012) performed gene
sequencing on CD isolates from the stool samples of hospitalized patients that were
either symptomatic or received oral vancomycin. The authors construct a network of
ward-based contacts and find that only around 25% of CDI cases can be linked to a
previous ward-based source. Similarly, Eyre et al. (2013) performed gene sequencing
on all symptomatic cases of CDI that occurred in the Oxfordshire (England) commu-
nity over a 3-year period. The authors found that only 55% of the CDI cases could be
genetically linked to a previous case; with 23% being linked through hospital contact,
7% through community contact and 25% without any known hospital or community

contact. These results may imply that healthcare-associated transmission of CDI
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may be less common than was previously believed. However, these findings may also
suggest that much of the transmission of CD within healthcare settings simply occurs
via asymptomatic carriers. Indeed, previous research has shown that a majority of
CD carriers are asymptomatic [131, 102].

The most common outcomes associated with CDIs are increased costs and
LOS. A variety of methods have been used to analyze LOS and costs associated with
CDI [109] and a wide range of estimates has been reported [45, 58]. Estimates of
increased LOS associated with CDIs have been cited as high as 11 days [118, 122], 18
days [132], 21.3 days [162] and even greater than 3 weeks [97]. However, studies that
have used more rigorous statistical methods, have controlled for more confounding
factors, and have used larger sample sizes, tend to find much lower estimates of
attributable LOS ranging from around 2 or 3 days [36, 6, 117, 88] to around 5 or 6
days [55, 145]. Cost estimates also mirror the variation in LOS estimates, and have
varied quite dramatically across studies [58]. Dubberke et al. (2008) also find long-
term increases in inpatient costs at 180 days following a CDI [42]. In addition to
increased costs and LOS, other outcomes associated with CDIs include increased risk
of mortality [119, 59, 85|, increased risk for CDI recurrence [117], and an increased

need for care or rehabilitation following discharge [139, 90].

2.2.2  Classification of CDI By Source and Occurrence of Symptoms
CDIs can be acquired in both community and healthcare settings. Because of

this, and because CDIs are a commonly-cited HAI, there is an increased awareness
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of both where CDIs are acquired and where the onset of symptoms first occur. Not
all CDIs that present in a hospital stay are hospital associated and some hospital-
associated cases may not present until after a patient is discharged from a hospital
[87, 23, 40, 35]. Surawicz et al. (2013) provide a thorough summary of the standard
classifications of CDI and summarize four main classes of non-recurrent CDIs appli-
cable to a hospital setting.? CDIs that are associated with a hospital stay (i.e. HA
CDI) may be labeled as either hospital-onset hospital-associated (HO-HA) CDI, if the
infection occurs within a healthcare facility and symptoms begin at least 3 days after
admission, or community-onset hospital-associated (CO-HA) CDI, if the symptoms
begin outside a hospital but occur within 4 weeks of being discharged. On the other
hand, CDIs are not considered to be associated with a hospitalization if they occur
more than 12 weeks after a previous hospital discharge, and are labeled as community
associated (CA) CDI. Finally, CDI cases that develop between 4 and 12 weeks after
being discharged from a hospital are labeled as having an indeterminate or unknown
source, since such cases may be HA or CA. Studies have indicated that HO-HA is
most common type of CDI followed by CO-HA and CA CDI [46, 87, 83] .

It is important to note that, although much attention is given to distinguishing
between the different types of CDI, individual studies and actual hospital surveillance

practices may use different classification criteria to define types of CDI, and terminol-

2Because Surawicz et al. (2013) classify CDIs associated with various healthcare settings,
they use a slightly different terminology and abbreviation (e.g. Health-care-facility-onset
health-care-facility associated; HO-HCFA). However, I retain the same designations of “on-
set” and “associated.”
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ogy is often inconsistent. For example, studies have used cutoff windows of 72 hours
[55, 156, 122], 48 hours [8, 42] and even 24 hours [89] after admission, for determining
HA status. Moreover, it has been shown that changing this hospital-associated risk
window can dramatically alter the calculated rates of HA CDI [64]. Even when studies
use similar inclusion criteria to define CDI patients, the terminology used to describe
them may differ. For example, the terms hospital-onset and hospital-associated (or
hospital-acquired) are often used interchangeably. A study by Dubberke et al. (2010)
defines CDI cases occurring 48 hours after admission to be hospital-onset, whereas
Kutty et al., (2008) defines such cases as health-care-facility-associated. Similarly, the
variation of different CDI definitions within the literature is also reflected in surveil-
lance methods used in practice to measure incidence of HA CDI. Research has shown
that traditional surveillance methods, which use a 48 hour window to define HA
cases, and the laboratory-identified method used by the National Healthcare Safety
Network, which uses a 72 hour window, can produce dramatically different results
when ranking hospitals based on their incidence of HA CDI [48]. Therefore, when
analyzing and comparing results across studies and hospital surveillance reporting,
it is important to pay attention to the various inclusion criteria used when defining
different CDI cases.

In addition to the classifications of CDI based on the onset of symptoms and
source of infection, CDIs have also been classified based on where the infection is
placed on a diagnostic record. Administrative discharge databases typically contain

both a principal diagnosis along with a series of secondary diagnoses, often coded



31

using the International Classification of Disease, Ninth Revision, Clinical Modification
(ICD-9-CM) diagnostic codes. In such databases, CDIs can be identified in patient
records by the ICD-9-CM code 008.45, and previous research has found this be a
valid means for measuring overall CDI (i.e. HA and CA) burden within a hospital
[38, 41, 140]. However, one limitation of such datasets is that the timing of a CDI
diagnosis often cannot be established, making it difficult to classify CDI cases as HA
versus CA. Consequently, some authors have used a secondary diagnosis of CDI as a
marker for being HO-HA CDI, since secondary diagnoses are generally not considered
the principal reason for an admission [73, 118, 117]. Some of these studies also use
a secondary factor, such as total LOS, antibiotic use or previous admission, to help
establish hospital association.

However, using a secondary diagnosis to classify cases of CDI as HO-HA can be
problematic because secondary diagnoses are not necessarily HA. While Dubberke et
al. (2010) find ICD-9-CM codes to be useful for identifying overall CDI burden; they
find secondary diagnostic codes to be a poor marker for identifying HO-HA CDI. The
authors analyzed CDI cases at five different hospitals and found that slightly under
half of the CDI cases identified by a secondary diagnosis were HO-HA. Many of the
secondary CDI cases they identified were either community-onset, recurrent CDI? or
not CDI at all. These results imply that while CDI cases identified by a primary

diagnosis are likely to be CA, those identified as secondary may be either HO-HA or

3Recurrent CDI is defined as the recurrence of CDI symptoms within some time window
following the resolution of symptoms for a previous CDI diagnosis. This time window is
generally set at 8 to 12 weeks following the resolution of previous symptoms.
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CA. Consequently, studies have also relied on present on admission (POA) indicators

when using administrative databases to determine if an infection was HA [74, 93].

2.2.3 Hospital Reporting and Comparison of CDI Incidence

Due to the increasing incidence and growing costs associated with HAIs, many
policy makers have targeted the public reporting of such infections as one means by
which to improve hospital quality. By 2013, over half of all US states had enacted
laws mandating the reporting of at least one type of HAI; the majority of which
went into affect in the period around 2006 to 2007. Occurring slightly later, around
2008, states began requiring hospitals to report cases of HA CDI [66]. Since 2008, at
least 20 states have adopted some type of legal mandate requiring hospitals to report
occurrences of HA CDI, the majority of which began in 2013 [129]. California and New
York both implemented reporting mandates that took effect in 2009. Additionally, in
January of 2013 CMS made reporting of HA CDI mandatory as part of the Inpatient
Quality Reporting Program (IQR), and hospitals in the National Healthcare Safety
Network also began reporting CDI events [129, 48]. Given this increased availability
of public information on hospital incidence of HAIs, studies have now begun using
hospital incidence rates of HAIs, such as MRSA and CDI, as measures for making
hospital-level comparisons [30, 151].

A number of factors must be taken into consideration when using hospital
incidence of HA CDI to make comparisons across hospitals. First, hospital CDI

incidence is likely influenced by patient and hospital risk factors for CDI that may
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not be directly associated with poor hospital quality or outcomes. One study found
that controlling for factors related to CDI, such as hospital bed size, teaching status,
CDI test type, patient age and comorbidities, resulted in substantial variation in the
ranking of hospitals by CDI incidence [30]. Similar findings have been reported when
using MRSA incidence to rank hospitals [151]. These findings suggest care should be
taken to control for other factors associated with CDI when using CDI incidence to
rank and compare hospitals.

A second factor to consider is that policy mandates for reporting of HA CDI
have been enacted, and gone into effect, at various points in time across different
states. From 2008 through 2011, only six states enacted mandatory reporting re-
quirements for HA CDI, in 2012 four more states enacted such laws, and in 2013
an additional 10 states did the same [129]. Assuming that such mandates influence
hospital reporting practices, differences in hospital CDI incidence across states and
time may simply reflect changes in the amount of HA CDI that gets reported, rather
than differences in actual CDI incidence. Moreover, policies for the reporting of
various HAIs have often been enacted at different points in time. Reporting man-
dates for central line-associated bloodstream infections generally preceded mandates
for catheter-associated urinary tract infections, which preceded those for MRSA and
CDI [66]. It is conceivable that prior reporting mandates for one disease may influ-
ence the effect of reporting mandates for other diseases that are enacted later. For
example, early mandates for one type of HAI could lead hospitals to enact systems

and processes for reporting that are also applicable to other HAIs. In this sense, early
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investments made to satisfy to one reporting requirement may lessen the cost of satis-
fying to later requirements. Thus, comparisons across hospitals in different states and
different times should attempt to account for differences in reporting requirements.
Finally, not only do different states have various reporting mandates, which
are enacted in different time periods, but the manner in which mandates are im-
plemented can vary across states. Research has found that the implementation of
reporting mandates can vary across states in terms of: how HAI data is required to
be submitted by hospitals, if and how the data are reported to the public, and if
individual healthcare facilities can be identified in such reports [128]. Thus, even if
the timing of reporting mandates can be accounted for, the type of data available on
HA CDI incidence may not always be directly comparable across states. In addition,
reporting policies across states have been enacted in different forms and through dif-
ferent legal authority. Some states have enacted HA CDI mandates independently
and others have simply incorporated the CMS IQR requirements into state law [129].
Similarly, in some states, legal authority for reporting is imposed through a state
statute while in others it is imposed through administrative mechanisms. Such differ-
ences also seem likely to influence hospital incentives and the impact of such mandates

on hospital reporting.

2.3 CDI Incidence and LOS in Uninfected Individuals
In the previous two sections, it was described how a patient’s LOS may be a

risk factor for acquiring CDI and that CDI is associated with excess LOS in patients
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that become infected. The interdependent relationship between LOS and CDI has
been frequently studied, and a variety of studies have noted the technical difficulties
of estimating these relationships from a statistical perspective [110, 62]. However, the
relationship between CDI and LOS has always been approached from the perspective
of patients that are infected with CDI. No previous study, aside from the preliminary
research, has attempted to uncover a connection between a hospital CDI incidence
and patient LOS in patients that do not have a CDI. While one may not typically
think that a hospital’s CDI incidence would be associated with LOS in uninfected
patients, a number of theoretical connections may exist. Below I describe three broad
categories of theoretical factors that may provide a link between CDI and LOS; these
include (1) hospital quality, (2) hospital efficiency, and (3) other factors associated
with LOS. In each of these cases CDI may act as a proxy variable for unmeasured
confounding factors associated with both LOS and CDI. Moreover, in each of these
cases, the theorized link between CDI and LOS occurs primarily through the incidence

of HO-HA CDI.

2.3.1 Hospital Efficiency and Quality
As previously described, LOS has often been used as a maker for hospital
quality, and many of the factors associated with poor quality have also been linked to
prolonged LOS. Because LOS is itself a risk factor for HO-HA CDI, it is possible that
any unmeasured quality-related factors that are associated with increased LOS may

also be indirectly related to CDI incidence, insofar as longer LOS leads to more HO-
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HA CDI. Thus, LOS may indirectly capture any unmeasured dimensions of hospital
quality. However, there are also a number of theoretical components of quality that
may be directly related to both CDI incidence as well as LOS.

Some of the factors related to hospital quality that might also directly influence
CDI incidence include hospital cleanliness and maintenance, hand-hygiene practices,
antibiotic/antimicrobial stewardship, CDI screening practices, and staff education of
infectious disease. Each of these factors has been linked to the occurrence or spread
of CDI, and each has been suggested as an area where hospitals can potentially work
to prevent CDI [39, 148]. It is conceivable that hospitals of greater quality may
have better cleaning and maintenance practices. Higher quality hospitals might also
implement policies to promote, or employ providers and staff that practice better
antimicrobial stewardship, hand hygiene, CDI screening and infectious disease aware-
ness. While these factors have been shown to be related to CDI, their connection to
quality and LOS is largely uncharted territory in the existing literature. However, for
some of these factors, there is some evidence that is suggestive of a connection.

Both antibiotic stewardship and proper hand hygiene represent types of “guide-
line recommended practices,” that may capture a dimension of healthcare quality
(148, 34]. Proper adherence to guideline recommended practices and treatment has
been a commonly used measure of healthcare quality; some examples include: the
timing of antibiotic therapy following pneumonia; misuse of antibiotics with the com-
mon cold or other upper respiratory infections; use of aspirin, ACE inhibitors, and

beta-blockers with acute myocardial infarction; appropriate treatment for depression;
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along with patient counseling and disease screening practices [141, 104]. If a hospital’s
or provider’s failure to adhere to proper antimicrobial stewardship and/or hand hy-
giene is representative of a broader failure to adhere to guidelines, then CDI incidence
may represent a proxy measure for this dimension of quality.

Similarly, diagnostic testing and screening for CDI is another guideline-recommended
practice that may be related to a hospital’s reported CDI incidence [148]. Screening
practices, such as screening for smoking, alcohol abuse, or various diseases, have also
been used as measures of healthcare quality. Although poor quality is most-often re-
lated to underuse of such practices [104], in the case of CDI, overuse of screening may
be associated with poor quality. It has been recommended that hospitals should only
test the stools of patients with diarrhea, avoid repeated testing, and avoid screening
for CDI in patients without diarrhea [148, 39]. Hospitals and providers that do not
properly adhere to these screening guidelines and over-test for CDI may also over-
report the number of CDI cases by including false positives or asymptomatic carriers.
Consequently, such hospitals may have a higher perceived incidence of CDI (both CA
and HA). If such a failure to adhere to guidelines associated with CDI screening is
indicative of a failure to adhere to other treatment guidelines, then CDI incidence
may also be a proxy for quality in this regard.

Physician and staff knowledge along with their level of infectious disease aware-
ness may also play a role in both the quality of care that is delivered and the occur-
rence of CDI. While a provider’s skills and level of knowledge is not a direct dimension

of quality care, it has frequently been suggested as a factor associated with the struc-



38

ture, and may shape the process, of delivering quality care [21, 33]. Attempts to
define healthcare quality have often mentioned the expected benefits of care relative
to expected harm [141]. Thus, a basic component of care quality is the avoidance
of unnecessary exposure to harm. In the case of CDI, a number of ‘best-practices’
have been described as ways to reduce a patient’s likelihood of acquiring CDI. For
example, avoiding the use of electronic thermometers, remembering to use dedicated
equipment and cleaning equipment between use, or remembering not to prescribe
certain antibiotics to patients at a high risk of CDI have been suggested as ways of
preventing CDI [39]. It seems likely that providers’ knowledge of these practices along
with their awareness of CDI, may improve their adherence to such practices. Indeed,
the connection between disease awareness/knowledge and quality care practices has
been highlighted by Pavese et al. (2009).[120] In this study, the authors found that an
educational session led by an infectious disease physician was successful in reducing
inappropriate antibiotic prescribing. This example also illustrates that other factors
associated with quality care, such as appropriate antibiotic use, may also depend on

the level of provider knowledge.

2.3.2  Other Unmeasured Factors and The Post-Discharge Effect
In addition to hospital quality or efficiency, there may be other unmeasured
factors associated with LOS that may be captured by CDI incidence. One of these
factors may be hospital structural characteristics, such as the availability of private

rooms to treat infected patients. Treating patients with CDI in private rooms has
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been cited as one of the ways to prevent the spread of CDI within a hospital [39].
Although administrative databases often contain measures of hospital capacity or
bed size, they do not contain measures of internal structure of a hospital and they
cannot be used to assess patient proximity. Thus, the availability of private rooms
for housing infected individuals or the proximity of infected patients, may represent
unmeasured factors related to CDI incidence. Given that many hospital structure
variables, such as bed-size, volume and teaching status have been shown to be related
to LOS [57, 99, 166, 19, 77|, its conceivable that other structural variables may be as
well. There is some evidence, at least from articles citing expert opinions, that use of
private rooms may be associated with decreased LOS [31].

One major factor that may allow CDI incidence to capture variation in LOS
between hospitals has to do to with HA CDIs that do not occur until after discharge,
i.e. CO-HA CDI. As previously described, CO-HA CDIs are cases that are associated
with a hospital stay but do not appear, and are not diagnosed, until after a patient
is discharged. Various time windows have been used to identify such cases, including
30, 60 and 90 days along with 4 or 12 weeks following discharge; although, 4 weeks
post discharge seems to have become the standard length of time that is now most
frequently applied [48]. There is now a large body of evidence that suggests a sig-
nificant number of CDI cases occur as CO-HA, after a patient has been discharged
from a healthcare setting [87, 23, 40, 35]. Moreover, studies have found the number
of CO-HA cases to be increasing over time [113, 37]. Murphy et al. (2012) even find

that a majority of hospital associated-CDI cases may now occur as CO-HA within 12
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weeks following discharge [113].

The reason the occurrence of CO-HA CDI may further link CDI incidence and
LOS is that hospitals with longer average LOS, either as a result of quality, efficiency
or other factors, will be more likely to observe HA CDI cases before a patient is
discharged. For example, if a given case of CDI were to occur 5 days after a patient
was admitted to a hospital, the case would be considered HO-HA at hospital where
the patient stayed 6 days but would be considered CO-HA at a hospital where the
patient stayed only 4 days. Thus, CDI cases associated with hospitals that have longer
average LOS are more likely to be observed as HO-HA and, subsequently, recorded
in discharge records. I refer to this effect as the post-discharge effect. Murphy et
al. (2012) find that HO-HA CDI cases were more likely to be associated with a
high-length-of-stay hospital than CDI cases occurring within 12 weeks post discharge
[113]. While these findings support the possible existence of this effect, the size,
and existence, of this effect across hospitals and time is unknown. Because of this
post-discharge effect, it may be difficult to fully distinguish between unmeasured
LOS factors that are directly related to CDI and those that are indirectly related.
However, the post-discharge effect may still cause CDI to be an important marker for
unmeasured factors associated with LOS variation across hospitals, regardless of the

source of variation.
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CHAPTER 3
METHODS

3.1 Design

This study is carried out using inpatient records at both a national and state
level for the seven year study period from 2005-2011. Because the national-level
data represent a different sampling of hospitals each year, and because hospitals and
patients cannot be linked, the national-level data are not pooled across years. Thus,
the analyses conducted using national-level data are carried out as separate cross-
sectional studies for each year from 2005-2011. On the other hand, state-level data
from California and New York can be linked by hospitals and patients. Therefore,
the analyses carried out at the state-level are pooled across years and can be viewed

as a type of “quasi” longitudinal design.!

3.2 Data Source
The data used for this study come from two databases that are a part of the
Healthcare Cost and Utilization Project (HCUP). HCUP databases are constructed
through a federal-state-industry partnership, which is sponsored by AHRQ [4]. Data
contained in these databases is collected through a variety of sources that include

state and federal data collection agencies along with hospital and other private data

Tt is worth noting that the data are highly unbalanced and irregular. Over the seven year
period many patients have only one visit and very few have more than one visit per year.
Moreover, for most patients with multiple visits, revisits tended to be relatively clustered
within time. Thus, many longitudinal methods may be inapplicable or difficult to perform.
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organizations. Together HCUP databases contain the largest collection of longitudinal
hospital data in the US. Two HCUP sources of inpatient data, which span the years
2005-2011, will be used for this study. Both of these data sources have been used
previously to study LOS and CDL.

The first HCUP database that will be used is the National Inpatient Sample
(NIS). The NIS is a nationally representative database of inpatient records, and is the
largest all-payer inpatient database that is publicly available in the US. It contains
records of roughly 8 million inpatient stays each year, and includes sample weights
that allow for nationally representative estimates applicable to more than 36 million
hospital stays. Through 2011, the NIS provides complete discharge records from each
hospital that is sampled. Over the study period, from 2005-2011, the NIS contains
complete discharge records from around 1,000 different hospitals annually, spanning
between 37 and 46 participating states.

The second HCUP data source that will be used are State Inpatient Databases
(SIDs) for the states of California and New York. The SID contains the universe of
hospital discharge records for all inpatient stays at community hospitals within a
state. Over the study period, the SID contains roughly 4 million discharges per year
in California, and roughly 2.6 million discharges per year in New York. These data
represent nearly 400 different hospitals per year in California and nearly 200 different
hospitals per year in New York. In both New York and California, patient records
include a linking variable that allow records from the same patient to be linked across

stays and for the number of days between visits to be calculated. Records within these
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states also contain POA indicators, which can be used to determine whether specific
diagnoses were HA.

In addition to HCUP SIDs, the HCUP State Emergency Department Databases
(SEDDs) from California and New York will also be used to identify CDI diagnoses
that occur following a previous inpatient stay. Similar to the SID, the SEDD con-
tains records for the universe of emergency department visits within a state. In both
California and New York, visits can be linked across time and between the SID and
SEDD for a given patient.? This allows cases of CO-HA CDI to be identified, where
the infection occurred during an inpatient stay and the diagnosis occurred during a
later emergency department visit. The SEDD data will only be used to identify cases
of CO-HA CDI that occurred in a previous inpatient stay, and none of the SEDD

data will be used directly in this analysis.

3.3 Study Sample
As described in the Data Source section above, the NIS and SID contain all
inpatient records from a selected hospital, regardless of age or payer type. The study
sample used for this research includes all inpatient records contained in the databases
described above, subject to three different inclusion criteria. The first requirement for
inclusion will be the absence of a CDI. Patient records with a CDI diagnosis, either
principal or secondary, during a hospital stay will be excluded. Because increased LOS

is an outcome associated with a CDI, and because CDI incidence may be a risk factor

2The SEDD is not available for 2005 in the state of New York.
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for acquiring a CDI, CDI incidence may be endogenously related to LOS in patients
with an infection. Thus, in order to avoid a potential endogeniety problem associated
with estimating the effect of CDI incidence on LOS in patients with CDI, such patients
will be excluded from the analysis. Although CDI patients will be excluded from the
LOS analysis, these patients will be used to calculate each hospital’s CDI incidence.
Second, patient records were only analyzed from hospitals that contained at
least one case of CDI in the time window used for analysis (i.e. either discharge
quarter or year). It is assumed that all inpatient settings have at least some likelihood
of a CDI occurring. This requirement ensures that all hospitals analyzed have a CDI
incidence that could be estimated and removes those hospitals where an estimated
CDI rate could not be obtained. Moreover, hospitals with zero CDI cases over the
course of a year (or quarter) are likely to either be very small, in terms of patient
discharges, or have a very specific patient population not applicable to this study.
Finally, patient records were excluded that had a LOS equal to zero. The
purpose of this study was to estimate the marginal increase in LOS that could be
captured by CDI incidence, and the effect of interest is not observable for patients
with a LOS of zero. Moreover, patients requiring an inpatient hospitalization of less

than a day are less likely to be exposed to the effect being captured by CDI incidence.
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3.4 Variables
3.4.1 Dependent Variables

Two basic dependent variables are used in this study. The primary dependent
variable is individual inpatient LOS, measured in number of days. Individual patient-
level LOS will first be estimated in a model that contains CDI incidence along with
patient and hospital characteristics. Let LOS; ;+ denote the LOS of patient ¢, who is
hospitalized at hospital j over time period ¢. A secondary analysis will be conducted
using a multilevel model to explain between-hospital variation in LOS; this model is
described in section 3.5.3. In the first stage of this model LOS; ;, will be estimated
using only patient characteristics along with a hospital-specific fixed effect. In the
second stage of this model the hospital-specific fixed effects, estimated in the first
stage, will become the dependent variable. These hospital fixed effects are the second
dependent variable of interest and can be thought of as the portion of a patient’s
LOS that can be attributed to a specific hospital. Let BAFEJ represent the estimated
hospital fixed effect for hospital j. The hospital fixed effects will then be estimated

in the second stage using CDI incidence along with other hospital characteristics.

3.4.2 Primary Independent Variable
The main explanatory variable of interest in this study is the incidence of CDI
within a hospital. A number of specifications of this incidence rate will be used to
control for HA CDI cases versus overall CDI cases, as well as CO-HA CDI cases that

occur post-discharge. A description of how each of these various CDI incidence rates
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will be used to capture a different dimension of this problem is discussed in further
detail section 3.5.

The first set of CDI incidence rates used are those that are calculated using CDI
cases indicated by the order of a patient’s CDI diagnosis. Separate CDI incidence
rates are calculated using the number of CDI cases that are assigned a principal,
secondary or any CDI diagnosis. The following equations describe the notation and
calculations used for each of these incidence rates, corresponding to hospital j over

time period t:

Principal CDI Discharges

CDI}, = 3.1
gt All Discharges (3:-1)
Secondary CDI Discharges
CDI?, = 3.2
gt All Discharges (32)
All CDI Disch
CDIM — CDI Discharges _ CDI}, +CDI3, (3.3)

All Discharges

The overall CDI incidence rate, C DI j‘-‘}t” , was the primary explanatory variable used
in the preliminary study. Because the NIS does not contain POA indicators, the
national-level analysis in this study uses the principal, C DI}, and secondary, CDI?,,
incidence rates to help control for CA CDI cases receiving a secondary diagnosis; this
is further discussed in Section 3.5.1, below.

The state-level analysis also compares CDI incidence rates corresponding to
the number of HO-HA CDI cases and the total number of HA CDI cases (i.e. HO-HA

CDI cases plus CO-HA cases occurring post-discharge). POA indicators are used to

define hospital CDI incidence rates corresponding to HO-HA CDI; those CDI cases
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where the diagnosis is not marked as POA are labeled as HO-HA. Additionally, patient
revisits are linked across time to identify any CDI cases occurring post-discharge. CDI
diagnoses that are coded as POA and occur less than 4 weeks following a previous
inpatient discharge are labeled as CO-HA. Together a hospital’s cases of HO-HA CDI
and CO-HA CDI comprise its overall number of HA CDI cases, and each hospital’s
overall HA CDI incidence was also calculated corresponding to these cases. The
following equations describe the notation and calculations used for each of these

rates, corresponding to hospital j over time period t:

HO-HA CDI Discharges

CDIEOHA = 3.4
gt All Discharges (34)
CO-HA CDI Discharges
CDICPHA = 3.5
It All Discharges (35)
HO-HA + CO-HA CDI Discharges
ODIJI:{tA - JrAll Discharges £
(3.6)

CDI}O M + ODIj A

By comparing estimates that are obtained using these two different rates, this study
analyzes the degree to which the post-discharge effect contributes to the connection
between hospital CDI incidence and LOS; this is described in further detail in sec-
tion 3.5.2, below.

Because cases of CDI may be categorized in a variety of different ways (e.g.,
primary, secondary, or not POA) the range of calculated CDI incidence values will

vary dramatically among the different measures. For example, overall CDI incidence,
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CDIA! will always be greater than secondary CDI incidence, C'DI?

g +1, because only

a portion of CDI cases are coded as secondary. Thus, the coefficient estimates from
regression models using different CDI incidence measures will not be directly com-
parable in terms of their relative magnitude. In order make the coefficient estimates
comparable, this analysis is conducted using standardized CDI incidence values. The

following equation was used to standardize all CDI incidence measures:

CD]j — MeDr

CDIJ — oD

(3.7)

where CDI ; 1s the standardized value of the CDI incidence at hospital j, and pcpr
and ocpr are the mean and standard of the deviation of CDI incidence across all
hospitals in a given time period. The values ucpr and ocpr are calculated for the
discharge quarter or year, corresponding to the time period in which CDI incidence is
measured. It is important to notice that this standardization preserves both hospital
ordering in terms of CDI incidence as well as the relative magnitude of the differences.
This standardization is used for all the CDI rates described by equations (3.1)-(3.6).
From this point forward, all models and analyses referring to a CDI incidence measure

will be in this standardized form, unless otherwise noted.

3.4.3 Secondary Independent Variables
In addition to CDI incidence, two basic sets of explanatory variables will be
analyzed in connection with LOS. The first set of explanatory variables are hospital

and provider characteristics. Many hospital factors such as teaching status, bed size,
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rural vs. urban location and type of ownership have been shown to be related to LOS
[57, 99, 166, 19, 77]. Similarly, a hospital’s nurse-to-patient ratio and the percentage
of nurses that are registered have been suggested as markers of quality and shown
to be related to LOS [22, 154]. Each of these variables are included as potential
explanatory variables. In addition, a hospital’s regional location is used to control
for any potential regional variations in LOS that may exist. These hospital-level
characteristics were only available in the NIS and were only used for this analysis.
The second category of explanatory variables is patient, or disease, level char-
acteristics. First, a patient’s demographics such as age, gender, and primary payer
have often been used to explain variation in LOS across patients [144, 19, 166, 88,
119, 85, 139]. In addition, general hospital stay characteristics such as the type of
admission, the discharge disposition of a patient, whether the patient died during
a stay, if the admission occurred over a weekend, and if there was a major operat-
ing room procedure performed are also factors that are likely to be related to LOS
[10, 67]. Since all patient records will be included, indicators for whether a record
corresponds to neonatal or maternal admission are also included to control for LOS
variations associated with hospital births. Indicators for the discharge quarter and
year are used to control for potential seasonal variation and trends in LOS over time.
In addition to demographics and general hospital stay characteristics, a pa-
tient’s disease state, as indicated by diagnostic types, disease severity, and comorbid-
ity has been shown to be associated with LOS [63, 88, 167]. The 30 Elixhauser comor-

bidity indicators, which have been developed for use with administrative databases,
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are used to control for a patient’s comorbidity [50]. The total number of procedures
(NPR), number of diagnoses (NDX), and number of chronic conditions (NCHRON)
are also used to control for a patient’s severity and the complexity of a hospital stay.
Patients with more diagnoses, procedures, and chronic conditions are likely to be
more severe and require longer LOS, and these variables were found to be highly
significant in the preliminary study.

The NIS contains All Patient Refined Diagnostic Related Group (APR-DRG)
information. The APR-DRG system is an inpatient-classification system developed
by 3M Health Information Systems that is intended to improve and expand the tradi-
tional Medicare DRG system [1]. The APR-DRG system creates a three dimensional
representation of a patient’s disease state based on the following components: APR-
DRG, severity, and mortality. Each patient first receives an APR-DRG corresponding
to his or her diagnoses. Then, corresponding to this APR-DRG, each patient is as-
signed a value between 1-4 for both their severity of illness and risk of dying. In the
national-level analysis these alternative DRG specifications were analyzed in compar-
ison to the standard DRG indicators and were found to offer far greater explanatory
power. The SID analysis lacks the APR-DRG variables, but does contain standard
DRGs. However, the DRG coding system changed over the course of the SID study
window and revisions in DRG coding have been shown to alter the way in which
hospitals assign such codes [105, 76]. Therefore, indicators for a patient’s primary
diagnosis clinical classification code, as assigned by the HCUP Clinical Classifica-

tions Software single level diagnosis code, were used as a replacement for APR-DRG
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indicators in the SID analysis.?

Tables Tables 3.1 and 3.2 describe all of the hospital- and patient-level vari-
ables, respectively, that were analyzed as potential explanatory variables. These
tables also provide a description of how each variable is specified. For some variables
multiple specifications were analyzed in order to select the one with the best fit (e.g.,
continuous age vs. 5 year categories); these tables summarize the final specification
that was selected. In addition, Tables 3.1 and 3.2 indicate whether a variable was

utilized in the analysis of the NIS, the SID for California, or the SID for New York.

3The HCUP Clinical Classification Software assigns clusters of individual ICD-9-CM
codes to clinically meaningful categories, which are intended to create higher level groupings
of similar diagnoses that are easier to use. The CCS collapses more than 14,000 diagnosis
codes into 285 categories.



Table 3.1: Patient-Level Explanatory Variables

Database Availability

Variable Description NIS SID CA SID NY

Age 21 Indicators for 5 year age intervals Y N N

Sex Male or Female Y Y Y

Admission Type Emergency, urgent, elective, newborn, trauma center, Y N Y
other

Admission Source Emergency department, other health facility, court/law ~ N® Y N

enforcement, routine

Disposition Routine, transfer to short-term hospital, other transfer, Y Y Y
home health care, against medical advice or unknown

Neonatal or Maternal Indicators for maternal, neonatal, or both maternal and Y Y Y

neonatal records

Discharge Quarter 4 quarterly indicators Y Y Y
Discharge Year Yearly indicators for 2005-2011 NP Y Y
Weekend admission Indicator of weekend admission Y Y Y

Continued on next page
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Table 3.1 — Continued from previous page

Database Availability

Variable Description NIS SID CA SID NY
Died Indicator of death during hospitalization Y Y Y
Elixhauser Comorbidities 30 specific comorbidity indicators Y Y Y
Number of Procedures Total number of procedures coded on discharge record Y Y Y

Number of Diagnoses

Number of Chronic Conditions

APR DRG

(up to 15: New York, NIS before 2009; up to 25: Cali-

fornia, NIS 2009 and later)

Total number of diagnoses coded on discharge record (up Y Y Y
to 15: New York, NIS before 2009; up to 25: California,

NIS 2009 and later)

Total number of unique chronic diagnoses reported on Y Y Y
the discharge (up to 15: New York, NIS before 2009; up

to 25: California, NIS 2009 and later)

316 All Patient Refined DRG indicators developed by Y N N

3M

Continued on next page
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Table 3.1 — Continued from previous page

Variable

Description

Database Availability
NIS SID CA SID NY

APR DRG severity

APR DRG

Primary Diagnosis CCS

Primary expected payer

Zip code median income

4 indicators for likelihood of dying: minor, moderate,
major or extreme

4 indicators for severity of illness (loss of function): mi-
nor, moderate, major or extreme

HCUP Clinical Classification Software primary diagno-
sis group (285 indicators)

Medicare, Medicaid, private insurance, self-pay, no
charge, or other

4 quartile indicators for median household income in

patient’s ZIP code

Y N N
Y N N
N°¢ Y Y
Y Y Y
Y Y Y

#Available but not used due to many missing values
b Available but not applicable because data were not pooled across years in the NIS
¢Available but not used due to inferior model performance

45
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Table 3.2: Hospital-Level Explanatory Variables

Database Availability

Variable Description
NIS SID CA SID NY

Bed size Small, medium or large Y N N
Control/Ownership Public, private (nonprofit), pri- Y N N

vate (for profit)
Region Northeast, midwest, south, west Y N/A N/A
Teaching Status & Lo- Rural, urban non-teaching, urban Y N N
cation teaching
Registered Nurse Per- Percentage of registered nurses Y N N
cent among all licensed nurses
Nurse to Patient Ratio Number of total licensed nurse Y N N

full time equivalents per 100 in-
patient days

3.5 Model

This section describes the theoretical model of CDI incidence and LOS that
was estimated as part of this study. In order to address Objective 1, the analysis
was conducted in two parts: first using the NIS and, second, using the SID for
California and New York. Because the SID for California and New York lack many
of the variables present in the NIS, which have been shown to be related to LOS,
the NIS was used to help reinforce the results of the SID analysis. However, the
NIS does not contain POA indicators for diagnoses, and as a result, an alternative
estimation approach was used with this dataset to help account for CA CDI cases

and, subsequently, address objective 1. This approach is described in subsection
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3.5.1. To address objective 2, subsection 3.5.2 describes how CDI cases that occur
post discharge were analyzed. Finally, this section concludes by describing a multilevel
model, in subsection 3.5.3, that was used to estimate how much of the LOS variation
between hospitals, remaining after controlling for patient and disease characteristics,
was able to be captured by CDI incidence.

We begin by assuming a theoretical model where a patient’s LOS is a func-
tion of individual patient/disease characteristics, along with both measured and un-
measured hospital characteristics. The following equation describes the relationship

between these factors:
LOS; ; = Bo + BwW; + Bx Xi + B2Z; + € (3.8)

where LOS; ; is the LOS of patient ¢ at hospital j, W; are unmeasured hospital factors
associated with LOS (e.g. quality or efficiency), X; is a vector of patient/disease
characteristics, Z; is a vector of measured hospital characteristics, By, fw, 8x, Bz
represent coefficient values on these variables, and ¢; represents a patient-level error
term. We next hypothesize that HA CDI incidence acts as a proxy variable for the
unmeasured hospital factors W;, because of the relationships previously described. If
we assume that the relationship between CDI incidence and these unmeasured factors

is fairly linear, we can express the following relationship:
W; =0y + 6,C DI, (3.9)

where 0, and ; represent unknown parameters.* Given the relationship expressed in

4Note: Equation 3.9 depicts an unrealistic situation where W; is a directly determined
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equation 3.9 we can then rewrite equation 3.8 as the following;:
LOSi’j = Qg + OélcYDIjHA + ﬂxXZ + 5223' + € (310)

where ag = By + Pwby and a3 = 6;8y. Thus, by including CDI incidence as a
proxy variable, it is possible to obtain consistent estimates even when there exist
unmeasured hospital factors associated with LOS.

The model expressed in equation 3.10 is first estimated using the NIS. For
the NIS analysis, C DI is approximated using both overall CDI incidence and sec-
ondary CDI incidence, as described by equations 3.3 and 3.2. Given that secondary
CDI should better reflect HA CDI, we expect secondary CDI incidence to provide
a better fitting model and have a larger coefficient estimate than overall CDI inci-
dence. However, since HA CDI cannot be directly identified in the NIS, an alternative
statistical technique was used to estimate equation 3.10, in order to address Objec-
tive 1 while accounting for CA CDI. This approach is described in Subsection 3.5.1.
Additionally, since each year of the NIS represents a distinct sampling of different
hospitals across different states, the analysis carried out using the NIS is conducted
separately for each year. Thus, for each year from 2005 to 2011 separate coefficients
were estimated using the NIS.

For the state level analysis, equation 3.10 is estimated by pooling together

by CDI incidence. However, it is possible to write W; = 0y + 91CDIJHA + pj, where 0y +
91C’DIJHA is the linear projection of W; onto 1 and CDIJHA and p; is an error term. It can
then be shown that under certain conditions that LOS can be consistently estimated using
the proxy C’DIJHA (see Wooldridge, 2010, pg 67-82) [164]. Moreover, in many situations,
even when an imperfect proxy variable is used, and equation 3.8 cannot be consistently

estimated, the bias due to W; being omitted may still be reduced by including the proxy
CDIPA.
J
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the SID data from 2005-2011. However, because LOS has been trending downward
over time, indicators for discharge year and quarter are added to control for trends
in time. The standardized CDI incidence rates, as described in Section 3.4.2, are
also calculated separately corresponding to the relative CDI incidence in each year,
in order to account for possible changes in CDI incidence over time. Similar to
the NIS analysis, in the SID analysis C D14 is approximated using both overall CDI
incidence and secondary CDI incidence. In addition, the SID contains POA indicators
so CDI4 is also estimated directly using cases of CDI not POA.

In both California and New York there may exist a significant change point
in CDI reporting beginning somewhere near 2009, when hospitals in both states were
required to report cases of HA CDI. It is possible that the effectiveness of HA CDI
as a proxy for unmeasured hospital characteristics may have changed when reporting
of HA CDI became mandatory in 2009. Thus, it is conceivable that Sy, from equa-
tion 3.8, along with 6y and #,, from equation 3.9, may be different across these two
reporting periods. Consequently, the value of o, from equation 3.10 may also vary
between these time periods. In order to analyze if a change occurred in the connection
between CDI incidence and LOS after the 2008 reporting requirement, the following

equation is also estimated:

LOS@JJ = &07t+a1,pRECDIE(?;I§OAOg)+O£17POSTODIJI-’{(?§J210A09)+ﬂxXi+62Zj +€; (311)

where the values of a; prrp and a; posr are the estimated effects of CDI incidence
before and after the start of 2009, respectively. If the reporting requirement led

hospitals to report cases of HA CDI more accurately, or more frequently, then we
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would expect a1 post > 1, pRE-

3.5.1 Analyzing HA CDI from Order of Diagnosis in The NIS

The NIS does not contain POA indicators corresponding to individual diag-
noses, thus, it is impossible to directly identify HA CDI cases using this data set.
In our preliminary study, secondary CDI cases were used to suggest that HA CDI
was the primary driver of the link between CDI incidence and LOS. However, the
estimated effect of CDI incidence on LOS is still likely to be attenuated even when
secondary cases are used, since not all secondary CDI cases are HA. Another way to
test that the connection between LOS and CDI incidence occurs primarily via HA
cases is to include both a hospital’s primary and secondary CDI incidence as two
separate coefficients in the regression model. Assuming that some of a hospital’s CA
CDI cases spillover into secondary diagnosis (e.g., patients may have more than one
diagnosis when admitted), then primary CDI incidence may work to net out some
of this spillover effect. To see this, consider the following model (note: the model in
this section relies on the use of unstandardized CDI incidence to hold). First, the
theoretical connections between CDI incidence and LOS have been described to occur
primarily through HA CDI. As a result, it is reasonable to assume that a hospital’s
incidence of CA CDI is unassociated, or at minimum weakly associated, with LOS.

Therefore, we can rewrite equation 3.8 as the following:

LOS;; = ag+0CDI; + a1 ,CDIM + Bx Xi + B27; + € (3.12)
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where C'DI jCA is the incidence of CA CDI at hospital 7, and 0 simply denotes that fact
that the coefficient placed on C'DI JCA should be, roughly, equal to 0, since CA-CDI
incidence is assumed to be unrelated to LOS.

Next, let us assume that, while all HA CDI cases receive a secondary CDI
diagnosis, a portion of the CA CDI cases receive a secondary CDI diagnosis as well;
this was suggested by Dubberke et al. (2010).[38] Let CDI; and C'DI; denote a
hospital’s incidence of primary and secondary CDI cases. Since secondary CDI cases
may include both HA and a portion of the CA cases, hospital j’s secondary CDI

incidence can be expressed as the following;:
CDI? = CDI'OM 4 yCDIFA, (3.13)

where 7 is the fraction of HA cases that receive a secondary diagnosis. Similarly,

hospital j’s primary CDI incidence can be expressed as:
1 CA
CDI; =nCDI;*, (3.14)

where 7 is the fraction of CA cases that receive a primary diagnosis.’
We can now specify the following model, which includes both primary and

secondary CDI incidence:

LOS,L'J‘ = Qp + 5&1CD[]1 + &QCD[]z + ﬁXXz + Bzzj + € (315)

®Note: In the interest of notational simplicity, equation 3.14 ignores the presence of CO-
HA CDI; however, this could be modeled by the inclusion of an error component \;, such
that CDI ]1 = nC’DI]CA + Aj, which would appear as a hospital specific error component in
equation 3.15. However, the relative size and correlation structure of \; is largely unknown.
As part of the analysis for Objective 2, this study will also analyze the presence of CO-HA
CDI cases within principal CDI diagnoses. This secondary analysis will provide some insight
into how much the estimation of 3.15 may be biased by the presence of CO-HA CDI.
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where &; and &y are coefficients on principal and secondary CDI incidence, respec-
tively. By substituting 3.13 and 3.14 into 3.15 and then re-arranging, we can obtain

the following:
LOSZ‘J‘ = Qo+ (O~[177 + &Q’Y)ODIJCA + dgC’D]jHO'HA + B)(XZ + ﬂzzj + € (316)

Comparing this to equation 3.12 we can see that the coefficient on C'DI ]-CA should
be equal to zero and, thus, we would expect that a1m + asy = 0, or a; = —%6@.
In other words, the estimated coefficient on a hospital’s principal CDI incidence,
obtained from estimating equation 3.15, should be negative and proportional to the
coefficient estimate on secondary CDI incidence. While this procedure may not be
able to directly estimate the effect of HA CDI incidence on LOS, it can be used to

analyze Objective 1 by providing evidence that HA CDI is the primary driver of the

relationship between CDI incidence and LOS.6

3.5.2  Identifying and Analyzing Post-Discharge CDI
In order to address the second objective of this study, both the SID and SEDD
for California and New York are used to identify cases of CDI that may have occurred
post discharge. The following procedure is used to identify such cases. First, for each
CDI diagnosis identified as POA, the previous records from that patient are analyzed

to determine if the case represents a possible occurrence of post-discharge CDI. A

6In reality, equations 3.13 and 3.14 are likely oversimplified and probably should contain
hospital specific parameters. For example, CA CDI cases may spillover into secondary
diagnoses at different rates across hospitals. In such a setup, the values for v and n should
be hospital specific and expressed as y; and 7;. Therefore, the effects obtained by estimating
model 3.15 may still be somewhat attenuated.
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CDI case is then labeled as a CO-HA if the following conditions are satisfied: (1)
the CDI diagnosis is coded POA, (2) the patient had a previous hospital discharge in
the 4 weeks prior to the CDI admission, and (3) the CDI was a non-recurrent case,
i.e. there were no CDI diagnoses for the patient in the previous 12 weeks. CDI cases
that are identified as CO-HA are then attributed to the hospital of their previous
admission, since CO-HA CDI cases may be diagnosed at a different hospital than
where the CDI was acquired. This method has been used with a similar dataset
to identify HA CDI cases occurring post discharge [113]. These CO-HA CDI cases
are then used to compute a hospital’s incidence of CO-HA and overall HA CDI, as
described by equations 3.5 and 3.6. Note that while the SEDD is used to look for post
discharge diagnoses of CDI, only those cases found in the SEDD that immediately
follow a previous inpatient stay (i.e. the inpatient stay where the infection would be
attributed) are included in this analysis.

Once each hospital’s CO-HA and overall HA CDI incidence are calculated, they
are used to analyze the post-discharge effect of CO-HA CDI cases on the relationship
between HO-HA CDI incidence and LOS. As previously described, the post-discharge
effect is the result that hospitals with longer average LLOS are more likely to observe
HA CDI cases that occur later in a patient’s stay. From equation 3.6 we see that
a hospital’s overall HA incidence can be decomposed into its incidence of HO-HA
CDI and CO-HA CDI, i.e. CDIJHA = CDI;IO‘HA + CDIJCO‘HA or CDI]HO‘HA =
CDIJHA —CDI J-CO‘HA . Hence, the estimate of a1 from equation 3.10 will be influenced

by two factors: the overall rate of HA CDI (i.e. C’D]JHA), and the rate at which CDI
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cases occur post discharge. While the first factor is driven by the direct theoretical
connections between CDI-incidence and LOS, the second factor is driven by the post-
discharge effect. Thus, one way to analyze the strength of the post-discharge effect is
to simply compare the rate of CO-HA CDI cases between hospitals with shorter and
longer LOS. As a preliminary analysis, this study performed a bivariate comparison
of CO-HA CDI across hospitals to determine if CO-HA CDI incidence is inversely
correlated with a hospital’s mean LOS.

The post-discharge effect may seem to imply that we would expect to see a rel-
atively smaller rate of post-discharge CDI cases at hospitals with longer average LOS.
However, this relationship may be complicated by the other theoretical links between
hospital LOS and CDI incidence, since hospitals with longer LOS are hypothesized
to generate more HA CDI. To see the complexity of this relationship, first consider
two hospitals A and B such that LOS, > LOSp and CDIY* = CDIHA. 1f the post-
discharge effect were the only effect in place, hospital A would be able to observe more
HA CDI cases prior to discharge, and we would expect C DIFO-HA > O DTHO-HA while
CDIFOHA < CDISO-HA | However, the other theoretical connections between CDI
incidence and LOS, which have been described in section 2.3, suggest that hospitals
with a greater average LLOS will produce more HA CDI. Thus, given two hospitals
A and B, such that LOS,4 > LOSp we would expect CDIA > CDIEA. This im-
plies that even if the post-discharge effect exists, we may still have CDI{OHA >
CDIEOHA, Because of this complex relationship, a bivariate comparison of the rates

of post-discharge CDIs between hospitals may be insufficient to fully analyze the
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post-discharge effect.
Another way to analyze the extent to which the estimate of o1 in model 3.10
is being driven by the post-discharge effect, versus increased occurrence of HA CDI,

is to estimate the following model:
LOS;; = do + &ODIOM + GODISO M + By X, + 275 + € (3.17)

In this model, &; captures the effect of factors associated with LOS that increase HA
CDI incidence, and @5 captures the post-discharge effect. This model exploits the fact
that HA CDI incidence can be decomposed into cases that occur prior to discharge
and those which occur after. Thus, equation 3.17 can also be viewed as the result
of replacing C DI in equation 3.10 with the relationship described in equation 3.6,
and then allowing for separate coefficients on C'DI ]-HO‘HA and CDI ]QO‘HA. Notice that
since equation 3.10 is essentially being estimated by HO-HA CDI incidence for many
of the CDI incidence measures (e.g., secondary CDI or CDI not POA), estimating
equation 3.17 tells us exactly how much our other estimates are being influenced by
the post-discharge effect. By comparing both the magnitude and significance of the
estimates obtained in model 3.17 to those estimated in model 3.10, one can better
understand the role that the post-discharge effect has on the relationship between

HO-HA CDI incidence and LOS.

3.5.3 Multilevel Hospital Fixed Effects Model

One final model that is analyzed as part of this study is a multilevel model

to assess the amount of between-hospital variation in LOS that can be explained by



65

CDI incidence. If CDI incidence proves to be highly correlated with prolonged LOS
in the patient-level analysis, then it is valuable to understand the amount of LOS
variation between hospitals that can be captured by CDI incidence. Policy makers,
or patients, wishing to compare excess LOS between hospitals may lack the informa-
tion or resources to properly adjust variation in LOS due to patient characteristics.
Thus, a proxy measure for excess LOS, such as CDI incidence, may serve as a marker
for making such comparisons. In order for CDI incidence to serve as a useful tool
for comparing hospital excess LOS, two conditions should be satisfied: (1) CDI in-
cidence should be highly correlated with variation in patient LOS between different
hospitals, (2) a significant portion of this correlation should remain after controlling
for differences in patient characteristics.

To analyze the relationship between CDI incidence and between-hospital vari-
ation in LOS, a multi-level modeling approach is used. In the first level, individual
patient LOS is estimated while controlling for a hospital-specific fixed effect. This

model can be expressed as the following:
LOS; ; = BxXi + Brel; + € (3.18)

where [rg ; are hospital-specific fixed effects and II; is a matrix of hospital indicators.
In the second level of the model, the hospital-specific fixed effects estimated in (3.18)
are explained using CDI incidence along with other hospital characteristics. This

second-level model can be expressed as:

/éFE,j = oo+ CDI; + 377 + u; (3.19)
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The estimate of a; from model (3.19) along with the model’s goodness of fit, as
measured by its R? value, are used to analyze how much of the LOS variation across
hospitals can be captured by CDI incidence after accounting for patient characteris-
tics. We also analyze the marginal increase/decrease in model fit that is obtained by
adding/removing CDI incidence to this second-level model. This comparison allows
us to determine how well CDI incidence can be used to make hospital-level compar-
isons of unmeasured hospital factors associated with excess LOS. This multi-level

modeling approach is used in both the NIS and SID analyses.”

3.6 Statistical Analysis

For each year in the NIS and, across years in the two SIDs, descriptive statistics
are provided for the number of CDI cases identified along with overall and secondary
CDI incidence. In addition, descriptive statistics for the number of CDI cases coded
as not POA and post-discharge CDI identified, along with corresponding incidence
rates, are also be provided for the SID in California and New York. Bivariate analysis
of LOS and each CDI incidence rate described in equations 3.1 - 3.6 are conducted,
and Pearson product-moment correlation coefficients are used to analyze trends across
hospitals and time. As described in section 3.5.2, a preliminary analysis of the post-
discharge effect also compared the incidence of CO-HA CDI between hospitals with

shorter and longer LOS.

"In the SID analysis, this multilevel model is estimated separately for each year of data.
Estimating separate fixed effects for each hospital-year across seven years of data would
be too computationally difficult. In addition, the SID does not contain other hospital-level
variables so only CDI incidence is used in the second stage
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The multivariate statistical analysis is carried out in a similar manner to that of
the preliminary study. Because LOS is non-normally distributed and is skewed toward
zero, a generalized linear modeling (GLM) approach was used to estimate LOS while
comparing a variety of alternative statistical distributions. Specifically, a log link is
employed along with a Gaussian, gamma, Poisson, and negative binomial distribution.
The quality of these models was then compared using the Akaike information criterion
(AIC), and the model with the lowest AIC value was selected as the model to be
used for primary analysis. In addition, ordinary least squares (OLS) was used to
estimate LOS in order to provide estimates that are “more interpretable.” In the
multi-level model, both stages are estimated using a standard OLS approach because
of computational complexity in the first stage and to obtain easily interpretable R?
values in the second stage.

All statistical analyses are carried out using STATA SE version 13.1. In the
NIS, hospital sample weights are used to produce national level estimates and cor-
rected standard errors. In the SID, robust standard errors are calculated to control

for potential unobserved correlation between patient LOS within the same hospital.
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CHAPTER 4
RESULTS

This chapter presents results for the three data sources previously described;
section 4.1 summarizes results from the NIS, section 4.2 provides results from the
SID in California and section 4.3 provides results from the SID in New York. From
this point forward, I refer to the empirical CDI cases and corresponding incidence
rates according to their coding/measurement definitions (e.g., secondary CDI, CDI
not POA or post-discharge CDI) rather than the CDI class they are intended to
capture (e.g., HO-HA CDI or CO-HA CDI). Because this research was conducted
using observational data, and because of what appear to be systematic differences
in the way various hospitals report/code CDI (described in further detail below), I
have chosen to make a conscious distinction between theoretical and empirical CDI

classification.

4.1 Nationwide Inpatient Sample
The relationship between CDI incidence and patient LOS was first analyzed
using the NIS. Table 4.1 summarizes the number of primary and secondary CDI cases,
individually and as a proportion of total CDI cases, represented in the NIS across the
years 2005-2011. Table 4.1 shows a general increase over time in the number of
CDI cases represented in the NIS. Total CDI cases ranged from 61,369 in 2005 to
79,633 in 2011. Both primary and secondary cases increased over this period as well.

This corresponds with the general increase in CDI occurrence, which has been widely



Table 4.1: NIS - CDI Case Counts by CDI Type

Count (% of Total)
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Year Primary Diagnosis Secondary Diagnosis Total Diagnoses
2005 15,549 (25.34) 45,820 (74.66) 61,369
2006 18,337 (28.36) 46,331 (71.64) 64,668
2007 20,955 (32.07) 44,396 (67.93) 65,351
2008 23,182 (32.64) 47,844 (67.36) 71,026
2009 21,733 (32.62) 44,890 (67.38) 66,623
2010 22,294 (32.16) 47,021 (67.84) 69,315
2011 25,753 (32.34) 53,880 (67.66) 79,633

reported in other studies. In 2008 there was a relative spike in CDI cases. One note
of interest is that starting in 2007 the proportion of CDI cases that are recorded as
a secondary diagnosis becomes relatively stable at around 67-68%; in the two years
prior, this proportion was 74.66% and 71.64%, respectively. This appears to coincide
with the point in time where some states began requiring hospitals to report incidence
of HA CDI [66]; however, this may also be a feature of the sampling criteria used in
the NIS.

Table 4.2 reports summary statistics for the various CDI incidence measures
across the seven year study period in the NIS. Consistent with the counts reported
in Table 4.1, both mean and median CDI incidence is generally increasing over the
study period; this appears in both primary and secondary CDI incidence as well.
This increasing trend appears more stable when comparing median CDI incidence.

The median CDI incidence using all CDI cases was monotonically increasing over the
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seven year period, increasing from 0.590% in 2005 to 0.835% in 2011.

A Dbivariate analysis was conducted to compare the average LOS and CDI
incidence across hospitals. Table 4.3 reports summary statistics for hospital-average
LOS along with correlation coefficients comparing LOS to both overall and secondary
CDI incidence. Although LOS has been decreasing over time in general [3], no clear
trend in hospital-average LOS emerges in the NIS over the study period. The typical
(i.e. median) hospital had an average LOS between 3.92 and 4.09 days over the study
period. As can be seen from Table 4.3, both overall and secondary CDI incidence
were positively and significantly correlated with hospital-average LOS. For each year,
except 2009, secondary CDI incidence was more strongly correlated with LOS than
overall CDI.

The first series of regression models analyzed were fit using simple OLS regres-
sion. As described in section 3.4.2 the CDI rates used in the regression analyses were
standardized in order to make coefficient estimates comparable between the various
measures of CDI incidence. Table 4.4 reports the coefficient estimates for yearly CDI
incidence using all CDI cases and only secondary CDI cases, along with correspond-
ing AIC values. Quarterly and yearly CDI incidence rates were compared, and for
each year’s worth of data, the yearly CDI rates provided a model of better quality, as
measured by corresponding AIC values. The OLS results using quarterly rates can
be found in Appendix B, and mirror the results reported in Table 4.4.

Table 4.4 shows that in every year CDI incidence using only secondary CDI di-

agnoses had both a larger coefficient estimate and provided a model of better quality.



Table 4.2: NIS - Yearly CDI Incidence Summary Statistics

CDI Cases

Mean Incidence

(std dev)

Median
(IQR)

Total Hospitals

2005
All
Secondary
Primary

2006
All
Secondary
Primary

2007
All
Secondary
Primary

2008
All
Secondary
Primary

2009
All CDI
Secondary CDI
Primary CDI

2010
All
Secondary
Primary

2011
All
Secondary
Primary

0.962 (1.723)
0.744 (1.660)
0.215 (0.204)

1.092 (1.854)
0.818 (1.762)
0.272 (0.286)

1.080 (1.664)
0.761 (1.581)
0.318 (0.293)

1.256 (2.309)
0.923 (2.236)
0.330 (0.315)

1.325 (2.702)
0.987 (2.584)
0.335 (0.309)

1.268 (2.026)
0.921 (1.934)
0.343 (0.385)

1.395 (2.232)
1.002 (2.136)
0.392 (0.340)

0.590 (0.330-0.968)
0.401 (0.191-0.700)
0.164 (0.087-0.288)

0.651 (0.374-1.057)
0.404 (0.213-0.730)
0.215 (0.112-0.352)

0.706 (0.418-1.083)
0.404 (0.213-0.691)
0.254 (0.145-0.415)

0.715 (0.417-1.150)
0.421 (0.208-0.722)
0.264 (0.150-0.417)

0.716 (0.436-1.112)
0.417 (0.215-0.686)
0.272(0.164-0.400)

0.741 (0.456-1.171)
0.433 (0.244-0.730)
0.267 (0.157-0.440)

0.835 (0.521-1.285)
0.491 (0.258-0.826)
0.306 (0.188-0.498)

946

941

957

970

947

960

957
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Table 4.3: NIS - Mean LOS and CDI Incidence Correlation

Hospital Average LOS Correlation Coefficient
Year Mean (Std Dev.) Median (IQR) Overall CDI Secondary CDI
2005 5.15 (4.93) 4.09 (3.41-4.88) 0.688%+* 0.691 %+
2005 5.08 (4.72) 3.99 (3.36-4.76) 0.828%#* 0.848*#*
2007 5.12 (5.09) 3.97 (3.31-4.78) 0.7277%* 0.753%#*
2008 5.33 (5.34)  4.04 (3.38-4.79)  0.766*** 0.773%%*
2009 556 (5.73)  4.01 (3.34-4.80)  0.750%%* 0.756%%*
2010 5.46 (5.53) 4.03 (3.36-4.79)  0.849%** 0.869***
2011 551 (5.72)  3.92 (3.31-4.76)  0.783%** 0.8007%*

Significance levels: ~ p < 0.01, “p < 0.05, 'p < 0.1

Depending on the year, a theoretical patient was estimated to stay between 0.8937
and 1.9107 days longer at a hospital with a CDI incidence that was one standard
deviation higher. Using only secondary CDI cases, this estimated effect was greater,
ranging from 1.2629 to 2.3862. This is consistent with our hypothesis that the ob-
served relationship occurs via HA CDI and that secondary CDI incidence is more
representative of HA CDI incidence. Based on the estimated effect of CDI incidence,
there appear to be two time periods where the relationship between CDI incidence
and LOS was different. Prior to 2008 the estimated effect of CDI incidence ranged
from 0.8937-1.1931 and 1.2629-1.5290 using all and secondary CDI cases, respec-
tively. However, after the start of 2008 these effects were relatively greater ranging
from 1.7070-1.9107, using all cases, and 2.0042 -2.3862, using secondary, cases. CDI

incidence appears to have had the greatest effect in 2010 and the weakest in 2007.



Table 4.4: NIS - OLS Results By Year

CDI cases included Coefficent (Std. Error) AIC
2005 (N=6,655,017)

All CDI 1.1305 (0.0062)%** 40,438,298

Secondary Diagnosis 1.4297 (0.0068)*** 40,427,384
2006 (N=6,752,096)

All CDI 1.1931 (0.0057)%** 40,437,348

Secondary Diagnosis 1.5290 (0.0062)*** 40,420,882
2007 (N=5,971,627)

All CDI 0.8937 (0.0058)*** 35,971,388

Secondary Diagnosis 1.2629 (0.0065)*** 35,958,216
2008 (N=6,272,659)

All CDI 1.7070 (0.0066)*** 37,876,432

Secondary Diagnosis ~ 2.0042 (0.0072)*** 37,866,312
2009 (N=5,781,425)

All CDI 1.8111 (0.0075)*** 34,457,666

Secondary Diagnosis ~ 2.0878 (0.0079)*** 34,446,564
2010 (N=5,926,484)

All CDI 1.9107 (0.0067)*** 35,796,210

Secondary Diagnosis ~ 2.3537 (0.0073)*** 35772114
2011 (N=6,097,267)

All CDI 1.8864 (0.0066)*** 36,977,966

Secondary Diagnosis 2.3862 (0.0073)%*** 36,952,030

Significance levels: ~p < 0.01, “'p < 0.05, "p < 0.1
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Table 4.5: NIS - GLM (Gamma) Results By Year

CDI cases included Coefficent (Std. Error) AIC
2005 (N=6,655,017)

All CDI 0.0957 (0.0009)*** 30,892,118

Secondary Diagnosis ~ 0.1175 (0.0010)*** 30,890,172
2006 (N=6,752,096)

All CDI 0.0812 (0.0008)*** 31,247,718

Secondary Diagnosis 0.1028 (0.0009)*** 31,245,232
2007 (N=5,971,627)

All CDI 0.0684 (0.0008)*** 27,570,104

Secondary Diagnosis 0.0952 (0.0009)*** 27,567,598
2008 (N=6,272,659)

All CDI 0.1284 (0.0010)*** 29,086,056

Secondary Diagnosis 0.1470 (0.0011)*** 29,085,108
2009 (N=5,781,425)

All CDI 0.1318 (0.0012)*** 26,806,486

Secondary Diagnosis 0.1558 (0.0013)%*** 26,804,830
2010 (N=5,926,484)

All CDI 0.1448 (0.0011)*** 27,560,036

Secondary Diagnosis ~ 0.1773 (0.0012)*** 27,556,048
2011 (N=6,097,267)

All CDI 0.1265 (0.0009)*** 28,319,716

Secondary Diagnosis 0.1612 (0.0010)*** 28,316,058

Significance levels: ~p < 0.01, “p < 0.05, “p < 0.1
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In the regression model, containing over 400 covariates, CDI incidence was one of
the strongest predictive variables in the regression. Across the years, secondary CDI
incidence was between the second and fifth strongest predictor of LOS, as measured
by the relative size of its test statistic; for 2008 and later, it was the second strongest

variable.
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For each year, the model that provided the best quality fit was the GLM
model with a log link and Gamma distribution. Table 4.5 reports the results of
this model using yearly CDI incidence.! Consistent with the general trends depicted
in the OLS findings, CDI incidence had a relatively greater estimated effect, and
provided better model quality, when only secondary CDI cases were included. On
average, a theoretical patient was estimated to stay between 7.08 and 15.58 percent
longer at a hospital with a total CDI incidence that was one standard deviation
higher than another.? Using only secondary CDI incidence, this estimated effect was
greater, ranging from 9.99 to 19.40 percent. In addition, the estimated effects appear
to be relatively greater after 2008 than before. In all of the models, similar to the
OLS results, secondary CDI incidence was the fifth strongest predictor of LOS, as
measured by the relative size of its test statistic.

In section 3.5.1, it was hypothesized that controlling for a hospital’s primary
CDI incidence, in addition to secondary incidence, would allow secondary incidence
to better capture HA CDI by helping to remove spillover of CA CDI cases recorded
as secondary. Table 4.6 presents three different models with coefficients for (1) overall
CDI incidence, (2) only secondary CDI incidence, and (3) primary and secondary CDI
incidence separately. Note that in order for the relationship described in section 3.5.1

to hold, unstandardized CDI incidence must be used in the model. Thus, the results

ISimilar to the OLS results, yearly CDI incidence performed much better that CDI
incidence calculated at a quarterly level. However, the quarterly level results can also be
found in Appendix B.

2These interpreted percentage effects are “roughly” estimated by exponentiating the
GLM regression coefficients reported in Table 4.5.



Table 4.6: NIS - Using Diagnosis Order to Control for CA CDI

Coefficent (Std. Error)

CDI Cases Model 1 Model 2 Model 3

2005
Any 0.6802 (0.0037)%** ; ;
Secondary - 0.8985 (0.0043)***  1.1371 (0.0048)%**
Primary - - -1.9625 (0.0178)***
R? 0.4116 0.4126 0.4137

2006
Any 0.6671 (0.0032)** i i
Secondary - 0.9054 (0.0037)***  1.1727 (0.0041)***
Primary - - -2.0233 (0.0146)***
R? 0.4333 0.4347 0.4363

2007
Any 0.5546 (0.0036)*** i i
Secondary - 0.8320 (0.0043)***  1.1147 (0.0049)%**
Primary - - -1.7011 (0.0139)***
R? 0.4248 0.4261 0.4275

2008
Any 0.7641 (0.0030)%** i i
Secondary i 0.9316 (0.0034)***  1.0019 (0.0036)%**
Primary - - -0.6664 (0.0130)***
R? 0.4181 0.4191 0.4193

2009
Any 0.7014 (0.0029)*** i i
Secondary i 0.8497 (0.0032)%*%  0.9347 (0.0034)%**
Primary - - -0.9964 (0.0133)***
R? 0.4259 0.4270 0.4275

2010
Any 0.9716 (0.0034)*** ; ;
Secondary ; 1.2633 (0.0039)%%*  1.4317 (0.0041)%**
Primary ; ; 21,6020 (0.0136)***
R? 0.4355 0.4378 0.4391

2011
Any 0.8738 (0.0031)%** ; ;
Secondary ] 1.1648 (0.0036)%*  1.3739 (0.0039)***
Primary - - -1.6615 (0.0125)***
R? 0.4195 0.4220 0.4236

Note: These results use unstandardized CDI incidence rates and were
described in section 3.5.1.
Significance levels: ~p < 0.01, “*p < 0.05, “p < 0.1
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presented Table 4.6 use raw, unstandardized CDI incidence rates. As hypothesized,
for each year the model fit improves, and the estimated effect of interest increases,
when moving from using all CDI cases to only secondary CDI cases (i.e. Model 1
to Model 2). Similarly, the model fit and estimated effect increased when primary
CDI incidence was added to the model (Model 2 to Model 3). As was expected, the
coefficient on primary CDI incidence is negative and of similar relative magnitude to
the coefficient on secondary CDI incidence. These results support the hypothesis that
the observed relationship between CDI incidence and increased LOS is being driven
by cases of HA CDI.

The final model estimated using the NIS was the multilevel model described in
section 3.5.3. In the first stage of this model, only patient characteristics along with
a hospital-specific fixed effect are included. In the second level, the hospital-specific
fixed effects, estimated in the first stage, are predicted using CDI incidence. Table 4.7
presents the results of two different specifications of this second-level model. First,
the coefficients and R-squared values are presented for the regression of hospital fixed
effects onto only CDI incidence. Using the CDI-only model, CDI incidence explained
41.31-62.96% of the variation in hospital fixed effects, when all CDI cases were used,
and 41.78-65.96% of the variation when only secondary cases were used.® The second
set of results presented in Table 4.7 is from the model where hospital fixed effects

are regressed on CDI incidence and other hospital characteristics. The R? values

3These values correspond to the range in R? values across the various years using overall
and secondary CDI incidence, respectively
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reported in the second set of results correspond to the increase in the R? coefficient
that occurs when CDI incidence is added to the model containing other hospital
characteristics. When CDI incidence is added to the model the amount of variation
between hospitals that could be explained increased by 31.47-47.90 percentage points,
with all CDI cases, and 31.95-50.50 percentage points, when only secondary cases were
used. In both models, secondary CDI incidence explains a greater amount of variation
in hospital fixed effects than overall CDI incidence, with the exception of one year; in
2009 overall CDI incidence explained a slightly greater amount of variation between

hospitals.



Table 4.7: NIS - Results of Multilevel Model

CDI Only CDI + Hospital Characteristics
CDI Cases Coefficent (SE) R? Coefficent (SE)  R? Increase

2005
All 2.2892 (0.0930)*** 0.4131 2.1324 (0.0979)*** 0.3147
Secondary 2.2836 (0.0919)*** 0.4178 2.1282 (0.0966)*** 0.3195

2006
All 2.7334 (0.0730)*** 0.6196 2.5657 (0.0766)*** 0.4656
Secondary 2.7599 (0.0699)*** 0.6442 2.5914 (0.0733)*** 0.4874

2007

All 2.6851 (0.0961)*** 0.4726 2.4811 (0.1061)*** 0.3457

Secondary 2.7265 (0.0928)*** (0.4980 2.5271 (0.1026)*** 0.3666
2008

All 2.9175 (0.0839)*** 0.5774 2.6231 (0.0906)*** 0.3960

Secondary 2.9121 (0.0833)*** 0.5804 2.6203 (0.0887)*** 0.4036

2009
All 2.8575 (0.0989)***  0.4905 2.4831 (0.1075)*** 0.3152
Secondary 2.8068 (0.0982)*** 0.4849 2.4326 (0.1062)*** 0.3120

2010
All 3.2721 (0.0842)*** 0.6296 3.0290 (0.0891)*** 0.4790
Secondary 3.3212 (0.0801)*** 0.6596 3.0860 (0.0849)*** 0.5050

2011
All 3.1430 (0.0991)*** 0.5329 2.8127 (0.1014)*** 0.3687
Secondary 3.1957 (0.0966)*** 0.5539 2.8556 (0.0986)*** 0.3845

Significance levels: ~p < 0.01, “p < 0.05, 'p < 0.1



80

4.2 State Inpatient Sample: California

The second analysis that was conducted used the SID from the state of Cal-
ifornia. The SID represents a complete population of inpatient visits in the state of
California, and records from a single patient can be linked between revisits. Diagnos-
tic codes in the California SID contain POA indicators; these were used to identify
cases of CDI that were marked as HA by hospitals. As described in section 3.5.2,
patient revisits in the SID, along with the SEDD, were used to identify cases of CDI
that were HA but occurred post discharge. Table 4.8 summarizes the number, and
proportions, of different CDI cases identified. Similar to the NIS results, the number
of CDI cases per year increased over the study window from 24,448 in 2005 to 38,248
in 2011. Both primary and secondary cases grew over this period as well. One ob-
vious feature of these data relates to the number of CDI cases that were identified
by hospitals as not POA. Beginning in 2008 the number of CDI cases marked as not
POA increased dramatically; from 2005-2007 slightly over 10% of all CDI cases were
marked not POA and from 2008-2011 around a quarter of CDI cases were marked
not POA. As previous discussed, this pattern roughly corresponds with the fact that
in 2009 California began requiring hospitals to report cases of HA CDI. Although
the timing does not exactly align with when the law went into full effect in 2009,
hospitals likely began preparing to comply with the law in 2008. Finally, the number
of post-discharge cases of CDI appeared to decrease over the study period, in both
absolute terms and as a percentage of total CDI cases. Post-discharge cases made up

33.30 percent of all CDI cases in 2005 but only 20.74 percent in 2011.



Table 4.8: California SID - CDI Case Counts by CDI Type

Count (% of Total CDI Cases)

Year  Any CDI Secondary Primary Not POA Not POA +  Post Discharge
Post Discharge
2005 24,448 19,242 (78.71) 5,206 (21.29) 2,598 (10.63) 10,740 (43.93) 8,142 (33.30)
2006 29,861 22,796 (76.34) 7,065 (23.66) 3,009 (10.08) 12,533 (41.97) 9,524 (31.89)
2007 31,219 22,758 (72.90) 8,461 (27.10) 3,288 (10.53) 12,764 (40.89) 9,476 (30.35)
2008 34,480 25,190 (73.06) 9,290 (26.94) 8,987 (26.06) 17,173 (49.81) 8,186 (23.74)
2009 33,502 24,505 (73.14) 8,997 (26.86) 8,700 (25.97) 16,559 (49.43) 7,859 (23.46)
2010 34,473 25,141 (72.93) 9,332 (27.07) 8,392 (24.34) 16,407 (47.59) 8,015 (23.25)
2011 38,248 28,087 (73.43) 10,161 (26.57) 8,815 (23.05) 16,748 (43.79) 7,933 (20.74)
Total 226,231 167,719 (74.14) 58,512 (25.86) 43,789 (19.36) 102,924 (45.50) 59,135 (26.14)

Note: For each CDI category, the parenthesized percentages correspond to the percent of all CDI that
are contained in that category (i.e. the reported count divided by the total number of CDI patients
reported in the second column)

18
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Table 4.9 reports summary statistics for the various CDI incidence measures
across the seven year study period in California. Consistent with the counts reported
in Table 4.8, both the mean and median CDI incidence were generally increasing
over the time window; this appears in both overall CDI incidence and secondary
CDI incidence. On the other hand, post-discharge CDI incidence appears relatively
constant over the study period. With the exception of 2006 and 2007, mean (median)
post-discharge CDI incidence ranged from 0.200% (0.187%) to 0.207% (0.191%); in
2006 and 2007 mean (median) post-discharge-CDI incidence was 0.242% (0.221%)
and 0.240% (0.214%) respectively. Consistent with the trend depicted in Table 4.8,
CDI labelled as not POA increased dramatically beginning in 2008. Both the mean
and median incidence rates of CDI not POA increased roughly 3-fold beginning in
2008. Prior to 2008 not POA-CDI incidence was less than 0.1% and after 2008 it was

greater than 0.2%.



Table 4.9: California SID - Yearly CDI Incidence Summary Statistics

CDI Incidence

Any CDI

Secondary CDI

Not POA CDI

Post Discharge CDI

Post Discharge CDI
+ Not POA

2005 (N=403)
Mean (Std. Dev.)
Median (IQR)

2006 (N=400)
Mean (Std. Dev.)
Median (IQR)

2007 (N=402)
Mean (Std. Dev.)
Median (IQR)

2008 (N=397)
Mean (Std. Dev.)
Median (IQR)

2009 (N=395)
Mean (Std. Dev.)
Median (IQR)

2010 (N=387)
Mean (Std. Dev.)
Median (IQR)

2011 (N=388)
Mean (Std. Dev.)
Median (IQR)

0.623 (0.535)
0.576 (0.351-0.830)

0.759 (0.650)
0.684 (0.425-0.966)

0.791 (0.710)
0.740 (0.453-0.983)

0.872 (0.792)
0.797 (0.499-1.082)

0.855 (0.782)
0.780 (0.523-1.035)

0.884 (0.834)
0.795 (0.559-1.078)

0.992 (0.813)
0.941 (0.640-1.201)

0.490 (0.495)
0.429 (0.273-0.623)

0.580 (0.596)
0.507 (0.308-0.734)

0.576 (0.646)
0.511 (0.306-0.710)

0.637 (0.727)
0.582 (0.354-0.778)

0.625 (0.728)
0.564 (0.354-0.725)

0.644 (0.773)
0.577 (0.358-0.778)

0.728 (0.740)
0.667 (0.439-0.890)

0.066 (0.117)
0.050 (0.025-0.086)

0.076 (0.115)
0.056 (0.026-0.096)

0.083 (0.128)
0.064 (0.032-0.100)

0.227 (0.326)
0.176 (0.101-0.296)

0.222 (0.322)
0.177 (0.114-0.261)

0.215 (0.329)
0.182 (0.098-0.256)

0.228 (0.305)
0.184 (0.115-0.286)

0.207 (0.136)
0.191 (0.123-0.253)

0.242 (0.163)
0.221 (0.137-0.318)

0.240 (0.162)
0.214 (0.149-0.296)

0.207 (0.128)
0.191 (0.139-0.269)

0.200 (0.122)
0.187 (0.132-0.257)

0.205 (0.123)
0.184 (0.136-0.258)

0.205 (0.118)
0.191 (0.139-0.259)

0.273 (0.223)
0.261 (0.164-0.342)

0.319 (0.243)
0.285 (0.177-0.416)

0.323 (0.257)
0.304 (0.187-0.389)

0.434 (0.406)
0.385 (0.264-0.548)

0.422 (0.403)
0.394 (0.252-0.520)

0.420 (0.400)
0.390 (0.247-0.529)

0.434 (0.376)
0.393 (0.273-0.525)

€8



Table 4.10: California SID - Mean LOS and CDI Incidence Correlation

84

Hospital Mean LOS?

Correlation with CDI Incidence

Year Mean (Std Dev.) Median (IQR) All Cases Secondary Not POA
2005 4.60 (8.26) 4.38 (3.72-5.31)  0.501%FFF  0.505%**  (.491%**
2006 4.58 (8.33)  4.34 (3.77-5.23) 0.434FFF  (.444%FF  ().320%%
2007 4.55 (8.26) 4.33 (3.73-5.28)  0.557*FF  0.567***  (.468%**
2008  4.56 (8.32)  4.37 (3.75-5.29) 0.568%F%  (.5TIFFE  (.465%F
2000 448 (8.11)  4.36 (3.70-5.26) 0.413%FF  0.420%FF (379
2010 4.45 (7.95) 4.26 (3.62-5.19)  0.389%*F*  (.399%*F*  (.354%**
2011 447 (7.98)  4.22 (3.63-5.34) 0ATTH  (.487FFF (4085

#These values correspond to the mean and median across hospitals of each
hospital’s mean LOS.
Significance levels: ~ p < 0.01, “'p < 0.05, "p < 0.1

Similar to the NIS analysis, a bivariate comparison was made between the av-

erage LOS and CDI incidence across hospitals. Table 4.10 reports summary statistics

for hospital-average LOS and correlation coefficients with incidence rates of overall,

secondary, and CDI not POA. In general, there appears to be a slight downward

trend in hospital average LOS in California over the study period. Average LOS

for a typical (i.e. median) hospital decreased from 4.38 days to 4.22 days over the

study period. Table 4.10 shows that CDI incidence was positively and significantly

correlated with average LOS, using all cases, secondary cases or cases not POA. For

every year, this correlation was strongest using secondary CDI incidence.

As described in section 3.6, a variety of models used to predict patient LOS

were compared. Similar to the NIS results, the model that provided the best quality
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fit was the GLM model with a log link and Gamma distribution. Table 4.11 provides
the estimated effects of interest for both the best fitting gamma-GLM model along
with the standard OLS model (for ease of interpretation). Models using both yearly
and quarterly CDI incidence were fit and compared. As with the NIS results, yearly
incidence rates provided the best quality model fit. Results presented here utilize
yearly incidence; those using quarterly rates can be found in Appendix B.

As can be seen from Table 4.11, in both specifications secondary CDI incidence
provided the largest estimated effect and best quality model of the various incidence
rates. The OLS model suggests that a patient stayed 2.1089 days longer, on average,
at a hospital with a secondary CDI incidence that was one standard deviation higher.
In the chosen GLM model this effect was roughly equivalent to staying 10.24% longer.*
The CDI incidence definition that provided the 2nd best fit, and 2nd largest effect
estimate, was using all CDI cases in the OLS model but in the GLM model was
using CDI cases marked not POA. In both the OLS and GLM results, CDI incidence
using cases identified as not POA (with or without post-discharge cases), performed
worse than secondary CDI. One result of particular interest is that post-discharge
CDI incidence is positively and significantly associated with increased LOS. This
suggests that the effect being captured by CDI incidence is likely outweighing any
post discharge effect. However, the model quality and estimated effects diminished

when post discharge cases were added to CDI cases marked not POA.

4These interpreted percentage effects are “roughly” estimated by exponentiating the
GLM regression coefficients reported in Table 4.11.
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Table 4.11: California SID - Regression Results

CDI cases included Coefficent (Std. Error) AIC
OLS
All CDI 1.7917 (0.0045)*** 172,476,554
Secondary Diagnosis 2.1089 (0.0047)*** 172,440,732
Not POA 1.7866 (0.0047)*** 172,490,130
Post Discharge 0.7640 (0.0031)*** 172,567,408
Not POA + Post Discharge 1.6669 (0.0043)*** 172,481,394

GLM (gamma)

All CDI 0.0702 (0.0006)*** 118,491,438
Secondary Diagnosis 0.0975 (0.0006)*** 118,482,766
Not POA 0.0853 (0.0007)*** 118,488,152
Post Discharge 0.0340 (0.0004)*** 118,498,210
Not POA + Post Discharge ~ 0.0801 (0.0006)*** 118,485,990

Significance levels: ~ p < 0.01, “p < 0.05, "p < 0.1

Because a very clear change point was identified from Tables 4.8 and 4.9 be-
ginning in 2008, and because 2009 marked the start of mandatory reporting of HA
CDI in California, a second set of models were fit where CDI incidence was interacted
with an indicator for time post 2008. This model was described in section 3.5 and
results of this model are reported in Table 4.12.° In all cases, dividing the coefficient
of interest into two values, before and after 2008, resulted in increased model quality.
Moreover, the estimated effects showed consistent difference between these time pe-
riods. The estimated effect and relative significance level of CDI incidence increased

in the period after the start of 2008 for CDI incidence measured using all CDI cases,

°In section 3.5 it was suggested that the model be allowed to vary before and after 2009
based on the policy implementation. However, the data very clearly indicate the change
point occurred in 2008, so this was the cutoff point that was used in the final analysis.
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secondary cases, and only those marked as not POA. This is most notable for CDI
incidence using not POA, which increased from 1.5694 to 1.9379 in the OLS model
and from 0.0780 to 0.901 in the GLM model. Although CDI incidence using only
secondary CDI cases remained the best quality model, after 2008 the estimated ef-
fects using CDI cases not POA (i.e. 1.9379 and 0.0901) moved closer to the estimates
using only secondary cases (i.e. 2.1597 and 0.0964). In addition, the estimated effect

of CDI incidence using post-discharge cases decreased for 2008 onward.



Table 4.12: California SID - Regression Results Split By Policy Change Point

Coefficent (Std. Error)

CDI cases included Pre 2008 Post 2008 AIC
OLS
All CDI 1.7046 (0.0196)*** 1.8549 (0.0164)*** 172,476,270
Secondary Diagnosis 2.0364 (0.0222)*** 2.1597 (0.0181)*** 172,440,562
Not POA 1.5694 (0.0218)***  1.9379 (0.0187)*** 172,488,636
Post Discharge 1.0478 (0.0136)*** 0.5739 (0.0079)*** 172,561,560
Not POA + Post Discharge 1.5520 (0.0180)*** 1.7692 (0.0164)*** 172,480,720
GLM (gamma)
All CDI 0.0697 (0.0010)*** 0.0705 (0.0009)*** 118,491,440
Secondary Diagnosis 0.0991 (0.0011)*** 0.0964 (0.0009)*** 118,482,764
Not POA 0.0780 (0.0011)*** 0.0901 (0.0008)*** 118,488,076
Post Discharge 0.0611 (0.0011)*** 0.0148 (0.0007)*** 118,494,994
Not POA + Post Discharge 0.0851 (0.0012)*** 0.0757 (0.0008)*** 118,485,924

Note: Estimates obtained using the final model described in section 3.5.
Significance levels:

. p <005, 'p<0.1

88
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As described by section 3.5.3, a multilevel model was used to estimate the
amount of variation in LOS between hospitals that was explained by CDI incidence.
Table 4.13 presents the results for the second stage of the multilevel model.® The SID
did not contain the other hospital variables controlled for in the NIS results; thus, the
results in Table 4.13 correspond to a second-stage model with hospital CDI incidence
as the only explanatory variable. For all years, other than 2005, CDI incidence using
secondary CDI explained the greatest amount of variation among hospitals. For the
years after 2005, secondary CDI incidence explained between 14.88% to 28.53% of the
variation in hospital fixed effects. In 2005, not-POA CDI cases were able to explain
the greatest amount of variation at around 12.49%. Although post-discharge CDI
incidence demonstrated a significant positive relationship with hospital fixed effects,

it consistently explained the least amount of variation ranging from 3.32% to 6.24%.

6Models for hospital fixed effects were estimated separately for each year due to the
extreme computational challenge of estimating such a large number of separate fixed effects
by hospital and year.



Table 4.13: California SID - Results From Second-Level Multilevel Model

CDI cases included

All CDI

Secondary

Not POA

Post Discharge

Not POA
+ Post Discharge

2005 (N=399)
Coefficent (SE)
R2

2006 (N=395)
Coefficent (SE)
R2

2007 (N=398)
Coefficent (SE)
R2

2008 (N=392)
Coefficent (SE)
R2

2009 (N=389)
Coefficent (SE)
R2

2010 (N=383)
Coefficent (SE)
RQ

2011 (N=384)
Coefficent (SE)
R2

1.4064 (.2262)%**
0.0887

1.7056 (.2405)%**
0.1134

1.7835 (.2147)%+*
0.1484

1.8393 (.2163)%**
0.1565

2.1655 (.1965)%**
0.2389

2.3639 (.2123)%**
0.2455

1.9625 (.2065)***
0.1913

1.7205 (.2356)%**
0.1184

2.0774 (.2506)%**
0.1488

2.1014 (.2219)%**
0.1846

2.2107 (.2238)%**
0.2002

2.4412 (.1967)%**
0.2848

2.6399 (.2141)%**
0.2853

2.2549 (.2110)%**
0.2302

1.9913 (.2645)%**
0.1249

1.1345 (.2452)%**
0.0517

1.6808 (.2305)%**
0.1184

1.8243 (.2505)%**
0.1197

2.3627 (.2046)***
0.2562

2.4651 (.2167)%**
0.2536

2.1852 (.2131)%**
0.2159

0.6847 (.1707)%**
0.0389

0.7326 (.1777)%**
0.0415

0.8785 (.1712)%**
0.0624

0.5801 (.1585)***
0.0332

0.8433 (L1711)%**
0.0590

0.6373 (.1658)***
0.0373

0.5942 (.1548)%**
0.0371

1.4099 (.2203)%**
0.0936

1.0754 (.2145)%**
0.0601

1.3732 (.1991)%**
0.1072

1.5768 (.2271)%**
0.1100

2.1425 (.1984)%**
0.2316

2.2286 (.2120)%**
0.2248

1.9574 (.2055)%**
0.1920

Notes: Standard errors in parentheses; largest R? in bold; significance levels: *p < 0.01, “*p < 0.05, "p < 0.1

06



91

One of the primary goals of analyzing inpatient visits using the SID was to
capture post-discharge CDI cases and attempt to control for the post-discharge effect.
It was hypothesized that hospitals with longer LOS might appear to have greater rates
of HO-HA CDI and secondary CDI simply because such hospitals would have less CDI
occurring post discharge. Thus, we might expect to see greater rates of CO-HA CDI
at hospitals with shorter LOS. This hypothesis was first analyzed at a bivariate level
by comparing post-discharge CDI incidence and hospital mean LOS across years and
hospitals. Contrary to this initial hypothesis, hospitals with longer LOS actually had
higher incidence rates of post-discharge CDI. Hospital mean LOS and post-discharge
CDI incidence rates were positively and significantly correlated (p=0.2495, P-value
< .0001)." This positive correlation existed across and within years. A simple OLS
regression analysis suggests that for each day increase in a hospital’s mean LOS,
post-discharge CDI incidence increased by .0061 percentage points (P<.001). These
results suggest that if the post-discharge effect exists, it is being masked by a much
greater effect: hospitals with longer LOS generate more HO-HA CDI and CO-HA
CDI than hospitals with shorter LOS.

A multivariate analysis was also conducted to test for the presence of a post-
discharge effect. This analysis was described in section 3.5.2 and, essentially, adds
post-discharge CDI incidence to a model with a marker for HO-HA CDI. Because
secondary CDI and CDI coded not POA seem most likely to represent HO-HA CDI

and tended to perform the best in the previous results, these two definitions were

"Using Pearson product-moment correlation coefficient.
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Table 4.14: California SID - Controlling For Post-Discharge Effect

CDI Cases Used Coefficent (Std. Error) AIC
CDI Incidence Post-Discharge CDI
OLS
Secondary 2.5176 (0.0223)***  -0.3839 (0.0119)*** 172,433,442
Not POA 1.5993 (0.0163)***  0.2577 (0.0082)*** 172,485,226
GLM
Secondary 0.1207 (0.0009)*** -0.0209 (0.0006)*** 118,481,602
Not POA 0.0782 (0.0007)***  0.0090 (0.0005)*** 118,487,826

Notes: Standard errors in parentheses;
significance levels: " p < 0.01, “p < 0.05, "p < 0.1

used to represent HO-HA CDI in the model. Table 4.14 presents the results using
the either secondary CDI cases or CDI cases not POA. The multivariate analysis tells
a conflicting story. When secondary CDI cases are used to calculate CDI incidence,
both the OLS and GLM specifications estimate the coefficient on post-discharge CDI
to be negative, while the estimated effect of secondary CDI incidence increases (from
the values shown in Table 4.11). These findings suggest that the hypothesized post-
discharge effect may be occurring. On the other hand, when only CDI cases coded
as not POA are used to calculate CDI incidence, the coefficient estimate on post-
discharge CDI is positive, while the coefficient on CDI incidence decreases. These
results using CDI not POA fail to capture the post-discharge effect hypothesized.
One other issue of note is that the quality of the model, as measured by AIC values,

increased when post-discharge CDI was added to the model.
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4.3 State Inpatient Sample: New York

The final analysis was conducted using the SID from the state of New York.
Like the SID in California, the New York SID represents a complete population of
inpatient visits in the state of New York, and visits from a single patient can be linked
between stays. The same procedure was used to identify cases of post-discharge CDI
and CDI not POA. Table 4.15 provides counts of the different CDI cases identified.
Similar to the NIS and California results, the number of CDI cases per year increased
over the study window, from 23,907 in 2005 to 28,926 in 2011, with spikes of 29,365
cases in 2008 and 28,385 in 2009. Both primary and secondary cases grew over
this period as well. Similar to California, in New York beginning in 2008 there
was a significant increase in the number of CDI cases identified by hospitals as not
POA. The number of cases coded as not POA increased from around 23% of all CDI
cases, prior to 2008, to around 29% of CDI cases beginning in 2008. Again, this
pattern roughly corresponds with the timing in 2009 when the state of New York
began requiring hospitals to report cases of HA CDI. It is worth noting that the
change in the proportion of CDI cases coded as not POA was much smaller than
the change in California. Additionally, in all years, New York hospitals recorded a
greater percentage of CDI cases as not POA than did hospitals in California. Finally,
the proportion of CDI cases that occurred post discharge appeared to decrease over
the study period. Post-discharge cases made up 27.11% of all CDI cases in 2005 but
only 19.96% in 2011. The proportion of CDI cases recorded as secondary was roughly

equivalent in New York (74.06%) as in California (74.14%); however, considerably
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more CDI cases were recorded as not POA in New York (26.79%) than in California
(19.36%). Post-discharge CDI also appeared slightly less common in New York than

in California.



Table 4.15: New York SID - CDI Case Counts by CDI Type

Count (% of Total CDI Cases)

Year  Any CDI Secondary Primary Not POA Not POA +  Post Discharge
Post Discharge
2005 23,907 18,794 (78.61) 5,113 (21.39) 5,666 (23.70) 12,146 (50.81) 6,480 (27.11)
2006 24,949 18,985 (76.10) 5,964 (23.90) 5,711 (22.89) 12,281 (49.22) 6,570 (26.33)
2007 25,789 18,786 (72.85) 7,003 (27.15) 6,325 (24.53) 12,770 (49.52) 6,445 (24.99)
2008 29,365 21,348 (72.70) 8,017 (27.30) 8,757 (29.82) 15,485 (52.73) 6,728 (22.91)
2009 28,385 20,686 (72.88) 7,699 (27.12) 8,317 (29.30) 14,784 (52.08) 6,467 (22.78)
2010 27,995 20,377 (72.79) 7,618 (27.21) 7,875 (28.13) 14,034 (50.13) 6,159 (22.00)
2011 28,926 21,225 (73.38) 7,701 (26.62) 8,072 (27.91) 13,845 (47.86) 5,773 (19.96)
Total 189,316 140,201 (74.06) 49115 (25.94) 50,723 (26.79) 95,345 (50.36) 44,622 (23.57)

Notes: In 2005, post-discharge CDI cases could not be identified using the SEDD.

G6
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Table 4.16 reports summary statistics for the various CDI incidence measures
across the seven year study period. Consistent with the counts reported in Table 4.15,
the mean and median CDI incidence were generally increasing for both primary and
secondary CDI incidence. On the other hand, post-discharge-CDI incidence remained
relatively constant, with the mean varying between 0.226% and 0.258% and median
varying between 0.217% and 0.239%. Consistent with the trend depicted in Table
4.15, CDI coded as not POA increased beginning in 2008. Both the mean and median
incidence of CDI not POA increase by around a percentage point beginning in 2008.
Before 2008 mean CDI incidence using cases not POA was slightly over 0.2%, and
after 2008 it was slightly over 0.3%. All CDI incidence rates were generally greater

in New York than in California.



Table 4.16: New York SID - Yearly CDI Incidence Summary Statistics

CDI Incidence

Any CDI

Secondary CDI

Not POA CDI

Post Discharge CDI

Post Discharge CDI
+ Not POA

2005 (N=220)
Mean (Std. Dev.)
Median (IQR)

2006 (N=219)
Mean (Std. Dev.)
Median (IQR)

2007 (N=223)
Mean (Std. Dev.)
Median (IQR)

2008 (N=219)
Mean (Std. Dev.)
Median (IQR)

2009 (N=211)
Mean (Std. Dev.)
Median (IQR)

2010 (N=211)
Mean (Std. Dev.)
Median (IQR)

2011 (N=207)
Mean (Std. Dev.)
Median (IQR)

0.914 (0.569)
0.817 (0.553-1.221)

0.949 (0.584)
0.854 (0.614-1.151)

0.998 (0.581)
0.910 (0.675-1.267)

1.126 (0.609)
1.068 (0.747-1.383)

1.076 (0.614)
1.068 (0.699-1.340)

1.079 (0.529)
1.090 (0.736-1.373)

1.133 (0.556)
1.140 (0.790-1.408)

0.718 (0.487)
0.609 (0.408-0.970)

0.722 (0.505)
0.622 (0.477-0.863)

0.727 (0.488)
0.633 (0.474-0.949)

0.818 (0.514)
0.759 (0.520-1.058)

0.784 (0.524)
0.801 (0.503-1.013)

0.785 (0.437)
0.817 (0.514-1.013)

0.832 (0.461)
0.812 (0.523-1.054)

0.216 (0.226)
0.199 (0.050-0.295)

0.217 (0.200)
0.189 (0.059-0.297)

0.245 (0.182)
0.213 (0.113-0.330)

0.336 (0.294)
0.327 (0.154-0.431)

0.315 (0.287)
0.294 (0.166-0.442)

0.303 (0.214)
0.301 (0.176-0.412)

0.316 (0.226)
0.311 (0.187-0.440)

0.247 (0.144)
0.225 (0.143-0.314)

0.250 (0.140)
0.239 (0.149-0.305)

0.249 (0.138)
0.231 (0.164-0.313)

0.258 (0.126)
0.245 (0.167-0.332)

0.245 (0.123)
0.238 (0.167-0.313)

0.237 (0.125)
0.217 (0.143-0.315)

0.226 (0.107)
0.220 (0.150-0.298)

0.464 (0.313)
0.416 (0.234-0.622)

0.467 (0.294)
0.425 (0.277-0.574)

0.494 (0.280)
0.428 (0.310-0.652)

0.593 (0.377)
0.550 (0.359-0.771)

0.560 (0.357)
0.559 (0.330-0.737)

0.540 (0.293)
0.553 (0.351-0.694)

0.542 (0.295)
0.519 (0.358-0.711)

L6



Table 4.17: New York SID - Mean LOS and CDI Incidence Correlation

98

Hospital Mean LOS

Correlation with CDI Incidence

Year Mean (Std Dev.) Median (IQR) All Cases Secondary Not POA
2005 5.59 (9.19) 5.19 (4.62-6.13)  0.451%**  (.555%#*F  (.555%**
2006 5.55 (9.18) 5.20 (4.52-6.05)  0.651%***  0.704***F  0.577***
2007 551 (9.13) 512 (4.45-6.15) O.5TIFFE  (.G18%FF (377
2008 547 (9.01)  5.10 (4.52-5.98) 0.755%FF  (.810%FF  (.717F
2009  5.38 (8.71)  5.01 (4.45-5.94) O.TIT*F*  (.764%%F  (.750%%*
2010 5.35 (8.72) 4.97 (4.38-5.91)  0.683***  0.407*F*  0.265%**
2011 5.35 (8.71) 4.98 (4.37-6.02)  0.688***F  (.729%F*  (.599%**

#These values correspond to the mean and median across hospitals of each
hospital’s mean LOS.
Significance levels: ~ p < 0.01, “'p < 0.05, "p < 0.1

As in the NIS and California analyses, the relationship between CDI incidence

and LOS was first analyzed through a bivariate comparison across hospitals. Table

4.17 reports summary statistics for hospital-average LOS and correlation coefficients

using incidence rates of overall CDI, secondary CDI and CDI not POA. As in Califor-

nia, there appears to be a slight downward trend in hospital average LOS in New York

over the study period. Average LOS for a typical (i.e. median) hospital decreased

from 5.19 days to 4.98 days over the study period. Average LOS was also slightly

greater in New York than in California. Table 4.17 shows that CDI incidence was pos-

itively and significantly correlated with average LOS, using all cases, secondary cases

or cases not POA. For every year, except 2010, this correlation was strongest using

secondary CDI incidence; it 2010 overall CDI incidence had the strongest correlation.
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Similar to the findings of the NIS and California analysis, a variety of models
were compared (as described in section 3.6), and the model that provided the best
quality fit was the GLM model with a log link and gamma distribution. Table 4.18
provides the estimated effects of interest for both the best fitting gamma-GLM model
along with the standard OLS model. As in the two previous analyses, when models
using both yearly and quarterly CDI incidence were compared, yearly incidence rates
provided the best quality model. Results presented here utilize yearly incidence; those
using quarterly rates can be found in Appendix B.

Table 4.18 shows that, similar to previous results, in both the OLS and GLM
specifications, secondary CDI incidence provided the largest estimated effect and
the best quality model of all the various incidence rates. The OLS model suggests
that a patient stayed approximately 1.2237 days longer, on average, at a hospital
with a secondary CDI incidence that was one standard deviation higher. In the
chosen GLM model this effect was roughly equivalent to staying 10.46% longer.®
The CDI incidence definition that provided the 2nd best fit, and 2nd largest effect
estimate, was using all CDI cases in both the OLS and GLM model. The 3rd “best”
model in the OLS specification was using only CDI coded as not POA, while in the
GLM specification was using CDI coded not POA along with post-discharge cases.
Similar to the California SID results, post-discharge CDI incidence is positively and

significantly associated with increased LOS, suggesting the effect captured by CDI

8These interpreted percentage effects are “roughly” estimated by exponentiating the
GLM regression coeflicients reported in Table 4.18.
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Table 4.18: New York SID - Regression Results

CDI cases included Coefficent (Std. Error) AIC
OLS
All CDI 0.9009 (0.0041)*** 119,398,202
Secondary Diagnosis 1.2237 (0.0044 )*** 119,369,650
Not POA 0.4824 (0.0038)*** 119,428,686
Post Discharge 0.0343 (0.0031)*** 119,444,814
Not POA + Post Discharge  0.4356 (0.0037)*** 119,431,192

GLM (gamma)

All CDI 0.0785 (.0004)*** 85,648,338
Secondary Diagnosis 0.0995 (.0004)%*** 85,635,268
Not POA 0.0423 (.0004)*** 85,665,920
Post Discharge 0.0161 (.0003)*** 85,674,778
Not POA + Post Discharge 0.0449 (.0004)*** 85,664,910

Significance levels: ~ p < 0.01, “p < 0.05, "p < 0.1

incidence likely outweighs any post-discharge effect.

As in California, in 2009 New York state began requiring hospitals to report
cases of HA CDI. Because a change point was also identified in 2008 from Tables 4.15
and 4.16, a second set of models were fit where CDI incidence was interacted with an
indicator for time post 2008. These results are reported in Table 4.19. In all cases,
dividing the coefficient of interest into two values, before and after 2008, resulted
in increased model quality. The estimated effects also showed consistent differences
between these time periods. The estimated effect, and relative significance level,
increased in the period after the start of 2008 for CDI incidence measured using
all CDI cases, secondary cases, those marked as not POA, and those marked as

not POA or post discharge. The change in estimates was most apparent in CDI
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incidence using not POA. After the change point in 2008, the effect of not-POA-
CDI incidence increased from 0.2404 to 1.2401 in the OLS model and from 0.0244
to 0.0786 in the GLM model. Similar to the findings in California, CDI incidence
using only secondary CDI cases remained the best quality model; however, after
2008 the estimated effects using not-POA-CDI cases (i.e. 1.2401 and 0.0786) moved
much closer to the estimates using only secondary cases (i.e. 1.2880 and 0.1041). In
addition, the estimated effect of CDI incidence using post-discharge cases decreased

for 2008 onward, and was negative after 2008 in the OLS model.



Table 4.19: New York SID - Regression Results Split By Policy Change Point

Coefficent (Std. Error)

CDI cases included Pre 2008 Post 2008 AIC
OLS
All CDI 0.8844 (0.0203)***  0.9218 (0.0250)*** 119,398,182
Secondary Diagnosis 1.1704 (0.0248)***  1.2880 (0.0309)*** 119,369,466
Not POA 0.2404 (0.0116)***  1.2401 (0.0438)*** 119,415,068
Post Discharge 0.2295 (0.0070)*** -0.0608 (0.0049)*** 119,442,696
Not POA + Post Discharge 0.2803 (0.0101)*** 0.7677 (0.0317)*** 119,427,158
GLM (gamma)
All CDI 0.0750 (0.0011)*** 0.0825 (0.0012)*** 85,648,276
Secondary Diagnosis 0.0949 (0.0011)***  0.1041 (0.0012)*** 85,635,186
Not POA 0.0244 (0.0009)***  0.0786 (0.0015)*** 85,662,368
Post Discharge 0.0377 (0.0007)***  0.0055 (0.0006)*** 85,673,210
Not POA + Post Discharge 0.0339 (0.0008)*** 0.0611 (0.0014)*** 85,663,908

Note: Estimates obtained by the final model described in section 3.5

Significance levels:

p < 0.01,

p < 0.05, "p<0.1

¢0T
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As described in section 3.5.3, a multilevel model was used to estimate the
amount of variation in LOS between hospitals explained by CDI incidence. Table
4.20 presents the results for the second stage of this model.” The amount of varia-
tion in hospital CDI incidence that could be potentially explained by CDI incidence
appears to have systematically increased from 2005-2009 and then decreased from
2010-2011. From 2005-2008, secondary CDI incidence explained the greatest amount
of variation in hospital fixed effect, ranging from 4.93% in 2005 to 20.49% in 2008.
Beginning in 2009, CDI not POA explained the greatest amount of variation, ranging
from 20.55% in 2009 to 12.58% in 2011. Prior to 2008, CDI not-POA explained sig-
nificantly less variation than secondary CDI, ranging from 0.39% to 3.37%; however,
from 2008 onward CDI not-POA explained roughly an equivalent amount of varia-
tion as secondary CDI. Unlike the California results, in New York post discharge CDI

incidence was not significantly related to hospital fixed effects.

9As in California, models for hospital fixed effects were estimated separately for each year
due to the extreme computational challenge of estimating such a large number of separate
fixed effects by hospital and year.



Table 4.20: New York SID - Results From Second-Level Multilevel Model

CDI cases included

All CDI

Secondary

Not POA

Post Discharge

Not POA
+ Post Discharge

2005 (N=399)
Coefficent (SE)
R2

2006 (N=395)
Coefficent (SE)
R2

2007 (N=398)
Coeflicent (SE)
RQ

2008 (N=392)
Coefficent (SE)
RQ

2009 (N=389)
Coeflicent (SE)
RQ

2010 (N=383)
Coefficent (SE)
RQ

2011 (N=384)
Coeflicent (SE)
R2

0.9106 (.3378)***
0.0296

2.3001 (.4239)%**
0.1114

2.3172 (.3814)%**
0.1352

1.9267 (.3205)%**
0.1348

2.0409 (.3502)%**
0.1311

3.2105 (.6764)%**
0.0918

1.4707 (.3563)%+*
0.0710

1.2175 (.3466)%+*
0.0493

3.0129 (.4569)%**
0.1561

3.1202 (.4137)%**
0.1942

2.6913 (.3480)%**
0.2049

2.9091 (.3817)%**
0.2051

2.8231 (.4326)***
0.1604

2.2101 (.3979)***
0.1216

0.6352 (.3137)%*
0.0169

1.1339 (.3959)%*+*
0.0337

0.2496 (.2590)
0.0039

3.0279 (.3028)***
0.2039

3.2310 (.4235)%*
0.2055

3.4781 (.4822)%**
0.1892

2.6596 (.4696)***
0.1258

0.2786 (.4282)
0.0018

0.4399 (.3930)
0.0053

0.5652 (.3266)*
0.0125

0.1855 (.2832)
0.0018

-0.0473 (.2182)
0.0002

0.1524 (.2699)
0.0014

0.0613 (.2512)
0.0003

0.5828 (.3315)*
0.0128

0.9226 (.3728)**
0.0254

0.3989 (.2702)
0.0091

2.1975 (.3660)%**
0.1345

2.2159 (.2836)***
0.1292

2.2487 (.4282)%**
0.1101

1.7832 (.4141)%**
0.0768

Notes: Standard errors in parentheses; largest R? in bold; significance levels: ~“p < 0.01, “*p < 0.05, "p < 0.1

70T
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As previously described, a primary goal of this work was to analyze the exis-
tence and impact of a post-discharge effect. Similar to the findings in California, New
York hospitals with longer LOS actually had higher incidence rates of post-discharge
CDI. Hospital mean LOS and post-discharge CDI incidence were positively and sig-
nificantly correlated (p=0.1315, P < .0001)*® This positive correlation existed across
and within years, and was statistically significant (P < .001) in all years except for
2005 and 2009. Simple linear regression analysis suggests that each day increase in
a hospital’s mean LOS corresponded to an increase in post-discharge CDI incidence
of .0039 percentage points (P<.001). These results are in contrast to the hypothe-
sized relationship of the post-discharge effect and suggest that if the post-discharge
effect exists, it is being masked by a much greater effect: hospitals with longer LOS
generate more HO-HA CDI and CO-HA CDI than hospitals with shorter LOS.

A multivariate analysis was also conducted to test for the presence of a post-
discharge effect. The results using secondary CDI cases and CDI cases not POA to
represent HO-HA CDI are presented in Table 4.21. The results in New York, con-
sistently suggest the presence of a post discharge effect. In both the OLS and GLM
models, the estimated coefficient on post discharge CDI was negative and statisti-
cally significant, with the exception of in the GLM model when CDI not POA was
used. When post-discharge CDI was added to the model, the estimated effect of CDI
incidence increased. Moreover, in the models where post-discharge CDI was signifi-

cant, the model quality (as measured by AIC values) improved when post-discharge

10Using the Pearson product-moment correlation coefficient.
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Table 4.21: New York SID - Controlling For Post-Discharge Effect

CDI cases used Coefficent (Std. Error) AIC
CDI Incidence Post Discharge CDI

OLS
Secondary 2.0899 (0.0307)*** -0.9077 (0.0127)*** 119,319,492
Not POA 0.5629 (0.0163)*** -0.1563 (0.0050)*** 119,426,542

GLM (gamma)
Secondary 0.1401 (0.0006)***  -0.0502 (0.0004)*** 85,625,226

Not POA 0.0426 (0.0004)*** -0.0007 (0.0004)* 85,665,920

Significance levels: ~ p < 0.01, "p < 0.05, "p < 0.1

CDI was added. These findings suggest that a post-discharge effect may be occurring

and that controlling for it may also allow the model to better estimate the effect of

HA-CDI incidence.
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CHAPTER 5
DISCUSSION

The primary purpose of this research was to further establish the connection
between HA-CDI incidence and LOS in patients without CDI. While this relationship
had been suggested by our preliminary study, further research was needed to provide
evidence that this relationship was (1) driven by cases of HA CDI and (2) was not
simply a spurious correlation resulting from hospitals with shorter LOS capturing
more HA CDI prior to discharge. The first objective set forth at the beginning of
this research was to estimate the effect of HA-CDI incidence on LOS across hospitals
and determine if this relationship has varied over time. Because CDI incidence and
policies regarding the reporting of HAIs have been changing, the time window used
in the preliminary research was expanded to cover the years 2005-2011. The NIS
and SIDs for California and New York were selected for this analysis because they
offered discharge records for all patients within a given hospital, spanned a range of
hospitals, contained a wide variety of patient characteristics for which to control and,
in the cases of the two SIDs, included indicators for HA status of diagnoses.

The NIS was used to address the first objective because it offered a wider
sampling of hospitals around the US and larger number of patient and hospital char-
acteristics than the two SIDs. In each year from 2005-2011, after controlling for a
wide range of patient and hospital characteristics, secondary CDI incidence was found
to be strongly associated with increased LOS in patients without CDI. Estimates of

the increased patient LOS associated with hospital’s having a one standard deviation
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greater secondary-CDI incidence ranged from 10.0% to 19.4%' or 1.3 to 2.4 days,
depending on the model used. After controlling for differences in patient and disease
characteristics, CDI incidence helped to explain an additional 31.2% to 50.5% of the
variation in LOS among hospitals, beyond the other hospital characteristics available
in the NIS. Moreover, in each year CDI incidence was consistently one of the top 5
predictive variables for inpatient LOS, in regression models containing over 400 differ-
ent covariates. Although the NIS contains no markers of HA CDI, all evidence from
the NIS results suggests that the effect being captured by CDI incidence is driven
primarily by cases of HA CDI. Not only were effect estimates greater when only sec-
ondary cases were used, but model quality systematically improved when primary
cases were removed from CDI incidence. Furthermore, the analysis outlined in Table
4.6, which used our hypothesized statistical approach to remove CA-CDI cases that
spillover into secondary diagnoses, consistently suggested that HA-CDI incidence was
the primary driver of our results.

The NIS results depict an increasing trend in both the incidence and number
of CDI cases, which has been well established in existing literature [11, 5, 84, 45].
Because the NIS represents a sampling of hospitals, it may be difficult to observe
changes in the connection between CDI incidence and LOS over this time. Sample
weights, intended to create a representative patient population using the NIS, do

not necessarily provide a hospital population that is representative of hospital CDI

IThese interpreted percentage effects are obtained by exponentiating the GLM regression
coefficients reported in table 4.5.
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incidence and its relationship to LOS. There does, however, appear to be a slight
change that may have occurred in 2008. Stating in 2008 the effect estimates in both
the OLS and GLM regression models, presented in Tables 4.4 and 4.5, appear to
systematically increase. However, this 2008 change point does not appear in the
estimates obtained in the multilevel model presented in Table 4.7. In either case,
CDI incidence was a strong predictor of inpatient LOS variation both before and
after 2008.

The SIDs in both California and New York were selected to address the first
study objective because they offered the ability to assign CDI cases as HA using
POA indicators. It has been previously suggested that POA indicators, as opposed to
secondary diagnosis, should be used to assign HA status to CDI cases [74, 93]. In both
California and New York, CDI incidence calculated using cases not POA was a strong
predictor of inpatient LOS. In California, estimates of the increased LOS associated
with a standard deviation increase in not-POA-CDI incidence were roughly 8.9%?2 and
1.8 days using the best-fitting-GLM and OLS models, respectively. In New York, these
same estimates were 4.3%3 and 0.5 days. However, in nearly all models secondary
CDI incidence worked as a stronger predictor of inpatient LOS than CDI not POA in
terms of model fit, coefficient significance and estimated effect size. In California, a

standard deviation increase in secondary CDI incidence was associated with a 10.2%

2These interpreted percentage effects are obtained by exponentiating the GLM regression
coefficients reported in table 4.11.

3These interpreted percentage effects are obtained by exponentiating the GLM regression
coefficients reported in table 4.18.
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or 2.1 day increase in LOS, using the GLM and OLS models respectively. And in
New York these same estimates were 10.5% and 1.2 days. Despite these differences,
the SID results reinforce the strong connection between CDI incidence and inpatient
LOS variations among hospitals. In California, the multilevel model suggested that
CDI incidence can explain between 12.5%-28.5% of the between-hospital variation
in LOS. In New York, CDI incidence explained 4.9%-20.6% of the between-hospital
variation in LOS.

One clear trend that was observed from the SID analysis was a change that
occurred beginning in 2008. In both states, there was a dramatic increase in the
incidence and number of CDI cases coded as not POA. In California the proportion of
CDI cases coded as not POA increased from around 10%, before 2008, to around 25%,
beginning in 2008. Similarly, in New York the proportion of CDI cases coded as not
POA increased from around 23%, before, to around 29% beginning in 2008. These
changes roughly correspond to the point when regulations in both states required
hospitals to report HA CDI. Although occurring the year before regulations went
into full effect in 2009, it seems likely that hospitals may have altered their recording
practices in anticipation of the regulations. While some of this may also be related to
changes in the types of tests used to identify CDI cases (e.g., PCR testing) it seems
most likely to be driven by the reporting mandate.

Because of the apparent 2008 change point, models were also fit where the
estimated effect of CDI incidence was allowed to vary before and after 2008. Modeling

this change point had some impact on all the measures of CDI incidence (e.g., using
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all or secondary CDI cases), but it had the most dramatic effect on CDI incidence
measured using cases not POA. In both California and New York, following the 2008
mandate there was a dramatic increase in the estimated effect of CDI incidence using
cases not POA. In California, the effect estimates increased from 1.57 to 1.94 days
and 8.11% to 9.43% in the OLS and GLM models, respectively. In New York, these
same effect estimates increased from 0.24 to 1.24 days and 2.47% to 8.18%. Similarly,
in both states beginning in 2008 there was a dramatic increase in the amount of
between-hospital variation captured in the multilevel model by CDI incidence using
cases not POA. However, the finding that is, perhaps, of greatest note is beginning in
2008 the results obtained using CDI not POA appear to converge to those obtained
using secondary CDI; this occurs in both the coefficient estimates and the amount of
variation captured in the multilevel model. This finding seems to suggest that the
effect being captured by secondary CDI, before and after 2008, is also being captured
by CDI cases coded as not POA after 2008.

Secondary CDI incidence generally outperformed CDI not POA in the SID
results; however, there is strong evidence to suggest that secondary CDI may actually
better reflect a hospital’s true HA-CDI incidence than CDI coded as not POA. If
variation between hospitals in the utilization of POA indicators exceeds the amount
of variation between hospitals in HA-CDI incidence, then secondary CDI may better
reflect true HA-CDI variation even if inadvertently capturing some CA-CDI cases.
Three pieces of evidence suggest this may be the case. First, the SID analysis revealed

what appears to be systemic underutilization of POA indicators in both states. Rates
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of CDI not POA increased sharply in 2008, just prior to regulations requiring hospitals
to repot HA CDI. Yet even after this increase, the rates of HA CDI marked not POA
appear significantly below incidence rates reported in existing literature. Previous
research has reported HO-HA CDI to be the most common class of CDI, with over
50% of HO cases being HO-HA CDI [46, 83, 87]. However, incidence of CDI not POA
in California and New York appear much lower than these previous estimates. Given
that POA indicators were still utilized to some extent prior to the mandate, there is
clearly some degree of hospital discretion in the use of such indicators.

Second, variation in the proportion of CDI cases coded as not POA, across
both years and the two states, was not reflected by corresponding changes in the
proportion of CDI cases coded as a secondary diagnosis. Because nearly all HO-
HA CDI should be coded as secondary, any increase or decrease in HA CDI incidence
should be reflected by corresponding increases or decreases in secondary CDI. In both
California and New York, changes across years in the proportion of CDI cases marked
not POA were not accompanied by similar changes in the proportion of secondary
CDI cases. Moreover, the proportion of CDI not POA was much greater in New
York than in California (i.e. 26.79% vs. 19.36%), while the proportion of primary
and secondary CDI was nearly identical between the these two states (i.e. 74.06%
vs 74.14%). This would suggest that New York hospitals may be more apt to utilize
POA indicators than hospitals in California.

Finally, as previously discussed, after 2008 when POA indicators became more

heavily utilized, the estimated effect of CDI incidence seemed to converge to the
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estimates obtained using secondary CDI. As shown from Tables 4.12 and 4.19, the
estimates using secondary CDI incidence remained relatively stable before and after
2008 while those of CDI not POA increased substantially, becoming similar to the
estimates for secondary CDI. Furthermore, in the multilevel model for New York,
where reporting of CDI not POA was higher, CDI incidence using not POA became
the best predictor of between-hospital LOS variation beginning in 2009.

The second objective of this research was to determine the extent to which
the relationship captured by CDI incidence was attributable to unobserved cases of
CO-HA CDI. It was initially hypothesized that the observed relationship between
CDI incidence and LOS may be inflated by the fact that HA-CDI cases are more
likely to be hospital onset, and thus captured in discharge records at hospitals with
longer LOS. This effect, which we have referred to as the post-discharge effect, would
make a hospital with longer LOS appear to generate more HA CDI, if such a hospital
simply recorded a greater number of HA-CDI cases prior to discharge. The SID in
California and New York were used in order to address this second objective because
in both states inpatient and emergency department visits are able to be linked in time
between multiple visits for a given patient. Both the SID and SEDD in California
and New York were used to identify cases of HA CDI occurring post discharge. Cases
were labeled as post-discharge CDI using the standard definition within the literature
for CO-HA CDI (i.e. occurring with 4 weeks of a previous discharge).

We first conducted a univariate analysis comparing mean LOS and post-

discharge-CDI incidence across hospitals. Contrary to our initial hypothesis, hospitals
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with longer LOS did not have lesser incidence of post-discharge CDI; in fact, the op-
posite was true. In both California and New York, hospital mean LOS was positively
and significantly correlated with increased incidence of post-discharge CDI. We also
include post-discharge incidence as one of the CDI-incidence measures used in the
regression models estimating patient LOS. In both California and New York, and in
both the OLS and GLM models, a significant and positive coefficient estimate was
obtained when post-discharge incidence was used to predict LOS in patients without
CDI. Moreover, in California, when post-discharge-CDI incidence was used in the
multilevel model it was able to significantly explain 3.3-6.2% of the between-hospital
variation in LOS. These findings suggest that hospitals with longer LOS tended to
generate both more HO-HA CDI and CO-HA CDI. Thus, any post-discharge effect
that might be occurring is potentially being masked by hospitals with longer LOS
generating more HA CDI overall.

In order to further search for the existence of a post-discharge effect, we esti-
mated a model that included separate incidence measures for both HO-HA CDI and
CO-HA CDI. Because our previous findings suggested that secondary CDI may better
capture variation in HA-CDI incidence, we used both secondary CDI and CDI not
POA as separate estimates for HO-HA CDI. Tables 4.14 and 4.21 report the results of
the model controlling for both HO-HA-CDI incidence and the post discharge effect.
As hypothesized, we obtained evidence for the existence of a post-discharge effect (i.e.
a negative coefficient estimate on post-discharge CDI incidence) in both California

and New York when secondary CDI incidence was used to represent HO-HA CDI. We
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also obtained evidence of this effect in New York using CDI not POA to represent
HO-HA CDI. However, contrary to our initial expectations, in the models where the
post-discharge effect was observed, the coefficient estimate on CDI incidence actually
increased when we controlled for the post-discharge effect. This is, however, consis-
tent with the finding that hospitals with longer LOS generated more HA CDI, both
HO and CO. It appears that controlling for the post-discharge effect allowed CDI
incidence to better capture CDI variation between hospitals. Therefore, our results
strongly suggest that the observed correlation between CDI incidence and LOS is
not a spurious relationship being driven by the post-discharge effect; if anything, the
post-discharge effect makes the relationship between CDI incidence and LOS appear

much weaker than it actually is.

5.1 Limitations

While the results of this study bolster the hypothesized connection between
HA-CDI incidence and LOS variations across hospitals, this study is not without
limitations. This research was conducted using observational data sources and was,
thus, constrained by the amount of information available in these data. One of the
primary limitations of this study was an inability to directly confirm CDI diagnoses
or the HA status of these diagnoses using clinical microbiological test results. Most
research involving HA CDI has relied on microbiologic test results along with the
timing of diagnosis to identify and classify CDI cases as HA. However, such research

often involves only a single or small number of hospitals. Because this study’s primary
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objective was to make LOS comparisons across a wide variety of hospitals, it was
conducted using administrative discharge data which could span the greatest number
of hospitals. Consequently, we did not have access to CDI test results, the day of CDI
diagnosis, the day symptoms first occurred or the types of tests that hospitals used
to identify CDI. Each of these variables may be necessary to conclusively determine
whether a diagnosis of CDI was a true case and if a case were HA. While it is
likely possible that some of the CDI cases identified in our data may have been
incorrectly diagnosed, the use of ICD-9-CM codes for surveillance of overall hospital
CDI incidence has been thoroughly validated elsewhere [38, 41, 140]. However, it has
also been suggested that the type of test hospitals use to identify CDI cases can alter
observed CDI incidence, and it is possible that testing differences between hospitals
could be partially affecting our results [94, 80].

Another limitation that remains is establishing CDI cases as HA based on
secondary diagnosis. Previous research has called into question the accuracy of a us-
ing a secondary diagnosis as a marker for HA status, and POA indicators have been
suggested as a means of ensuring accuracy of HA CDI [38]. However, as previously
described, our results suggest that POA indicators may be widely underutilized and
that secondary CDI incidence may work better for capturing HA-CDI incidence. Fu-
ture research, with more detailed clinical data on CDI testing and diagnosis, would
be needed to throughly validate this result. While such research may require a large
number of resources to acquire such granular patient data spanning a large number

of hospitals, the current study may provide motivation for such future work.
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In addition to the lack of detailed clinical diagnostic data, another limitation
of this study was the lack of detailed hospital characteristics and unreported patient
characteristics. It remains a possibility that CDI incidence may not be acting as a
proxy for quality and/or efficiency, as has been theorized, and that some other set
of unobserved hospital or patient characteristics is driving this connection. The NIS
contains only a handful of the most basic hospital characteristics while the SID con-
tains virtually none. In addition, a number of patient characteristics go unreported
by states or hospitals, and many are not collected by our data sources. For exam-
ple, no information is available regarding medications or other types of treatments
received. Thus, we cannot conclusively rule out other hospital or patient level factors
diving the observed relationship between CDI incidence and LOS. However, given the
large number of patient characteristics that were controlled for, and the consistency
of results across time and three separate data sources, its seems more likely that
a missing hospital characteristic would be responsible for confounding the observed
relationship. Future research would be needed to rule out other hospital factors not
contained in these data.

Another limitation of this study was the inability to observe CDI diagnoses
that occurred outside of inpatient or emergency department settings when calculating
post-discharge-CDI incidence. Although we used the entire population of inpatient
and emergency department records to identify post-discharge cases of CDI, it is highly
likely that a number of post-discharge diagnoses occurred in other ambulatory set-

tings. Patients may have also received diagnoses, or moved, out of state. Thus, the
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post discharge incidence rates that were calculated likely represent an underestimate
of the true CO-HA-CDI incidence. As a result, we may not have been able to observe
the full post-discharge effect, and it is possible that post-discharge CDI had a greater
impact on our findings than was estimated.

As a final note, it is important that the estimates of this study be interpreted
and used with caution. This research posited that CDI incidence may operate as a
“proxy variable” for unobserved hospital heterogeneity that is potentially associated
with hospital quality and/or efficiency. However, the purpose of this research was to
build further evidence for the connection between HA-CDI incidence and LOS, while
accounting for potential confounding associated with CO-HA-CDI cases occurring
post discharge. The objective here was not to establish a direct connection to hospital
quality or efficiency, and analyzing this potential connection remains an area for future
research. Thus, the author advises caution in using CDI incidence alone to directly
assess hospital quality, or efficiency, related to LOS. In addition, it would be incorrect
to interpret the coefficient estimates obtained herein to imply that by decreasing LOS
at a hospital level, one can necessarily expect to see a drop in CDI incidence, or vice
versa. Because we believe CDI incidence to be a proxy variable for other hospital
characteristics associated with excess LOS, the exact factors driving this connection

would need to be targeted instead.
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5.2 Areas for Future Research

This study identified a number of areas for future research. First and foremost,
the strength and consistency of the estimated relationship between HA-CDI incidence
and inpatient LOS creates a strong motivation to further study the exact sources of
this connection. Future research should attempt to validate or refute the hypothesized
connection between hospital quality and efficiency. Such work will need to compare
previously validated measures of hospital quality and efficiency to both LOS and
measures of HA CDI. In addition, a wide range of hospital-specific factors, such as
staff training and experience, hospital protocols, or hospital resources, should also be
explored as potential confounding factors. Future research aimed at identifying the
primary factors driving the observed relationship will require data sources that not
only provide a large number patient and disease characteristics and span a wide range
of hospitals, but also provide a rich source of hospital-specific information. Although
such data may require a large number of resources to obtain and are likely to require
multiple sources of information, the current study provides a strong basis for such
continued work.

Another area for future work is to explore the factors that influence hospitals’
utilization of POA indicators. Differences in the results from California and New York
suggest that hospitals may inconsistently use POA indicators to indicate HA CDI.
As previously highlighted, over the course of the study period, New York hospitals
consistently recorded a greater percentage of CDI cases as not POA than did hospitals

in California, yet both states had a nearly identical portion of CDI cases recorded
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as secondary. In addition, both states had significant increases in the proportion of
CDI cases coded as not POA following regulatory changes. These findings suggest
that hospitals have a fair degree of flexibility in determining how to assign POA
indicators. Future research should explore the sources that drive variation in the use
of POA indicators. Moreover, the 2008 change point suggests that state policies can
be highly influential in how hospitals report HAIs. It is likely incentives that influence
the use of POA indicators differ between hospitals and states. Future research should
take advantage of the variation in state policies to study how such policies affect the
use of POA indicators.

A final area for future work is the need to evaluate secondary CDI and CDI not
POA as markers for HA-CDI incidence. The prevailing wisdom in existing research
has held that secondary CDI should not be used as a marker for HA CDI because
CA-CDI cases are often assigned a secondary diagnosis [38]. Thus, secondary CDI
incidence would tend to overestimate the true incidence of HA CDI. This was one of
the primary motivators for the selection of the two SIDs used in the current research,
which both contained POA indicators. However, our results strongly suggest that
POA indicators may by widely underutilized and as a result the use of such indicators
to assign HA CDI may vastly underestimate the true incidence of CDI. Not only
were our findings stronger and more consistent using secondary CDI, when reporting
became mandatory, the results using CDI not POA tended to converge to those using
secondary CDI. It is strongly suspected that, while CDI coded as not POA may

offer a better marker of HA status for individual cases, CDI incidence calculated
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using secondary diagnosis may offer a better marker for HA-CDI variations across
hospitals. Indeed, the hospital incentives for using POA indicators, just discussed,
offer some justification as to why secondary CDI may provide a more accurate estimate
of variations in HA CDI. Future research should analyze the relative accuracy of using

either secondary diagnoses or POA indicators to compute HA-CDI incidence.

5.3 Conclusions

Inpatient LOS is a major contributor to hospital costs and overall healthcare
spending. Consequently, excess LOS has also become a frequently used outcome
measure to assess costs and burden associated with many diseases. In addition,
systematic variation in LOS among hospitals has been used as a measure of hospital
efficiency and quality. Prior to this work, our preliminary study found a significant
correlation between increased LOS and hospital incidence of CDI. We hypothesized
that this connection was occurring because of increased HA CDI, which may be due
to hospital quality and/or efficiency. One of the limitations of the preliminary work
was the inability to distinguish between HA- and CA-CDI cases; only secondary
diagnosis was used to suggest the link was occurring via HA CDI. In addition, the
preliminary work was unable to account for the occurrence of CDI post discharge.
One alternative explanation for the observed relationship between CDI incidence and
LOS is that hospitals with shorter LOS simply have more HA CDIs that occur post
discharge. If this were the case, the observed relationship could be overestimated or

considered spurious. The primary purpose of this research was to further establish
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the relationship between hospital incidence of HA CDI and excess LOS in patients
without CDI by addressing these limitations. In order to do so, the current research
expanded on the NIS data used in the preliminary work and added data from the
SIDs in California and New York. This allowed for HA-CDI cases to be assigned using
POA indicators and for post-discharge CDI to be identified through patient revisits.

Consistent with the findings of our preliminary research, this study found a
strong relationship between CDI incidence and inpatient LOS. CDI incidence was
consistently found to be one of the strongest predictive variables for inpatient LOS,
and this result held across time, locations and nearly all of the model specifications
that were analyzed. Consistent with the hypothesis that CDI incidence acts as a proxy
variable for unobserved hospital heterogeneity, the results of the multilevel models
suggest that CDI incidence is largely working to explain between-hospital variation
in LOS. In addition, HA-CDI incidence, as measured using POA indicators, was
consistently associated with increased LOS; such incidence became an even stronger
predictor following mandatory reporting of HA CDI in both California and New
York. This suggests that HA CDI is the factor driving this relationship. While it was
not expected that secondary CDI incidence would outperform CDI not POA, as was
frequently the case, this study also found compelling evidence that POA indicators are
systematically underutilized. It is the author’s firm belief that the evidence presented
here strongly suggests secondary CDI incidence to be a better marker for variation in
HA-CDI incidence than CDI not POA. Future research may be need to validate this

finding; however, secondary CDI incidence remains is an incredibly strong predictor
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of inpatient LOS.

This study’s second primary objective was to evaluate the potential that the
observed relationship between CDI incidence and LOS was being driven by a post-
discharge effect, where hospitals with shorter LOS had a greater proportion of HA-
CDI cases occur post discharge. The results of this study emphatically find this not to
be the case. Although evidence of a post-discharge effect was somewhat inconsistent
between the models and states that were analyzed, if any post-discharge effect exists at
all, it appears to be outweighed by the fact that hospitals with longer LOS actually
tended to generate both more HO-HA CDI and more CO-HA CDI. In fact, our
univariate results found hospitals with longer LOS to have greater incidence of post-
discharge CDI. Contrary to our initial hypothesis, the post-discharge effect seems to
be weakening rather than increasing the observed effect of CDI incidence on LOS.
In each of the models where significant evidence for a post-discharge effect could be
observed, the effect of HA-CDI incidence improved when secondary CDI incidence
was controlled for. While this study was limited by the number of post-discharge
CDI cases that could be observed using inpatient and emergency-department data,
there was no evidence to suggest the post-discharge effect was inflating the estimated
connection between CDI incidence and LOS.

CDI incidence is relatively easy to measure and record, it can be readily iden-
tified using administrative data, and many states have begun mandating hospitals to
report incidence of HA CDI. In addition, CDI incidence has a straightforward inter-

pretation and is easy to compare across hospitals. The current study provides strong
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evidence that CDI incidence can be used to capture variations in excess LOS between
hospitals. Thus, CDI incidence may represent an ideal tool for researchers, along
with patients and policy makers, wishing to make hospital comparisons. This study
also provides a strong motivational foundation for future research into the nature
of this observed relationship. Our findings provide strong evidence that this rela-
tionship is driven by HA CDI, and suggest the connection is not being driven by a
post-discharge effect. If future research can validate a connection with CDI incidence
and hospital efficiency or quality, policy makers may wish to consider CDI incidence
as a powerful measure to rank and compare hospitals. The findings of this research
also provide motivation to further study the connection between POA indicators and
HA-CDI incidence, as well as the policy factors that influence hospital reporting of
HAIs. Moreover, given the large amount of research that has sought to explain LOS
variations between patients and hospitals, the strong relationship between CDI inci-
dence and LOS should be taken into consideration by future researchers wishing to

analyze variation of inpatient LOS.
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APPENDIX A
ABBREVIATIONS

Table A.1 provides a list of the various abbreviations used throughout this

thesis.

Table A.1: Table of Abbreviations

Abbreviation Full Name

CDI Clostridium difficile Infection

LOS Length Of Stay

HAI Hospital Acquired Infection

HA Hospital /Healthcare Acquired

CA Community Acquired

HO-HA Hospital Onset, Hospital Acquired

CO-HA Community Onset, Hospital Acquired
POA Present On Admission

AHRQ Agency for Healthcare Research and Quality
HCUP Healthcare Cost and Utilization Project
NIS Nationwide Inpatient Sample

SID State Inpatient Databases

MRSA Methicillin-Resistant Staphylococcus aureus
CMS Centers for Medicare & Medicaid Services
DRG Diagnosis-Related Group

APR All Parient Refined
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APPENDIX B
QUARTERLY RESULTS

This appendix contains regression results using quarterly CDI incidence rates
for the NIS, and SID analyses in California and New York. Tables B.1 and B.2 provide
the OLS and GLM (gamma) results, respectively, for the NIS. Table B.3 summarizes
regression results for the SID in California. Table B.4 summarizes regression results
for the SID in New York. One issue of note is that the AIC values reported in these
tables, in many instances, are lower than those reported in the corresponding results
from Chapter 4. This is simply due to the fact that, in each case, the number of
observations was reduced when quarterly rates were used. In some quarters there
were hospitals that did not report any cases of CDI and, as a result, observations
from such hospitals were excluded. However, when yearly rates were used with this
restricted population of patients, the yearly incidence measures unanimously resulted

in lower AIC values.



Table B.1: NIS OLS Quarterly Results By Year

CDI cases included Coefficent (Std. Error) AIC
2005 (N=6,505,438)

All CDI 0.9530 (0.0058) 39,082,178

Secondary Diagnosis 1.2095 (0.0063) 39,572,808
2006 (N=6,621,299)

All CDI 1.2644 (0.0064) 30,627,416

Secondary Diagnosis  1.5998 (0.0069) 39,612,956
2007 (N=5,856,932)

All CDI 0.7980 (0.0056) 35,044,032

Secondary Diagnosis 1.1033 (0.0062) 35,032,498
2008 (N=6,160,889)

All CDI 1.6492 (0.0069) 37,239,918

Secondary Diagnosis  1.9599 (0.0076) 37,230,312
2009 (N=5,697,525)

All CDI 1.6524 (0.0072) 33,828,230

Secondary Diagnosis  1.9009 (0.0075) 33,817,106
2010 (N=5,824,128)

All CDI 1.8928 (0.0073) 35,183,232

Secondary Diagnosis 2.1904 (0.0074) 35,162,482
2011 (N=6,020,364)

All CDI 1.6143 (0.0063) 36,542,708

Secondary Diagnosis 1.9977 (0.0068) 36,522,580
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Table B.2: NIS GLM (Gamma) Quarterly Results By Year

CDI cases included Coefficent (Std. Error) AIC
2005 (N=6,505,438)

All CDI 0.0800 (0.0008) 30,233,770

Secondary Diagnosis  0.0985 (0.0009) 30,232,068
2006 (N=6,621,299)

All CDI 0.0891 (0.0009) 30,685,448

Secondary Diagnosis 0.1112 (0.0009) 30,683,224
2007 (N=5,856,932)

All CDI 0.0619 (0.0008) 27,075,966

Secondary Diagnosis 0.0841 (0.0009) 27,073,844
2008 (N=6,160,889)

All CDI 0.1245 (0.0010) 28,605,736

Secondary Diagnosis 0.1444 (0.0012) 28,604,716
2009 (N=5,697,525)

All CDI 0.1203 (0.0011) 26,432,464

Secondary Diagnosis 0.1410 (0.0012) 26,430,864
2010 (N=5,824,128)

All CDI 0.1480 (0.0011) 27,111,018

Secondary Diagnosis 0.1696 (0.0012) 27,107,484
2011 (N=6,020,364)

All CDI 0.1038 (0.0009) 27,979,032

Secondary Diagnosis 0.1295 (0.0010) 27,976,464
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Table B.3: SID Quarterly Regression Results in California

CDI cases included Coefficent (Std. Error) AIC
OLS Results
All CDI 1.8017 (.0044) 165,908,405
Secondary Diagnosis 2.1012 (.0046) 165,872,129
Not POA 1.5991 (.0045) 165,950,492
Post Discharge 0.5338 (.0031) 166,046,617
Not POA + Post Discharge 1.4475 (.0041) 165,952,396
GLM Results
All CDI 0.0843 (0.0006) 115,503,294
Secondary Diagnosis 0.1100 (0.0006) 115,494,539
Not POA 0.0861 (0.0006) 115,504,462
Post Discharge 0.0238 (0.0004) 115,518,987
Not POA + Post Discharge 0.0738 (0.0005) 115,505,716

Notes: Total observations N=25,109,686.

Table B.4: SID Quarterly Regression Results in New York

CDI cases included Coefficent (Std. Error) AIC
OLS Results
All CDI 0.7780 (0.0039) 242,480,031
Secondary Diagnosis 1.1043 (0.0043) 242,479,135
Not POA 0.3608 (0.0037) 242,479,459
Post Discharge 0.0507 (0.0033) 242,469,768
Not POA + Post Discharge 0.3699 (0.0037) 242,472,902
GLM (gamma) Results
All CDI 0.0703 (.0004) 85,161,030
Secondary Diagnosis 0.0922 (.0004) 85,150,332
Not POA 0.0326 (.0004) 85,179,698
Post Discharge 0.0152 (.0004) 85,184,690
Not POA + Post Discharge 0.0388 (.0004) 85,177,516

Notes: Total observations N=17,242,489.
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