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ABSTRACT

It is the purpose of this study to develop a method to define sequential episodes of patient care. We will use data
from a cohort of patients with heart problems and diabetes. We will focus on the condition of congestive heart failure,
a co-morbid disease of diabetes that is progressive and irreversible. The biggest problem is to determine where one
episode ends and another begins. We start with time series methods to order the claims sequentially. Then we use
path analysis in SAS Enterprise Miner to see which episodes are related sequentially. Domain knowledge is also
required to define the episodes. Once the episodes are defined, we use decision trees to examine the relationship
between treatment and outcome. We want to determine whether different treatments lead to different outcomes.

INTRODUCTION

Physicians make many different decisions to treat patients, especially those with multiple chronic illnesses. For
example, there are many different medications for the treatment of Type Il diabetes, and the physician chooses one
or more of them for their patients. There is also the decision to start a patient on insulin; moreover, there is now a
choice between insulin injections and inhaled insulin. A patient with blocked arteries can receive angioplasty, or
bypass surgery. It is the accumulated consequences of these decisions that result in differing patient outcomes. In a
continuum of treatment for chronic conditions, it is difficult to determine where one decision starts and ends.lt is the
purpose of this project to examine claims data to investigate sequential patterns of physician decision making by
defining episodes of patient care.

We first need to preprocess the data to create treatment episodes to construct a sequence of care. We assume that
episodes of treatment can be defined. Some treatments, for example, chemotherapy for cancer, can have a start
date and an ending period with follow up so that recurrence begins a new treatment episode. However, for chronic
conditions such as congestive heart failure and diabetic foot ulcers with chronic osteomyelitis, it is not clear when
one treatment ends and another begins. Instead, the continuum of care should be considered.

We then define events in the sequence of treatment that suggest disease changes. We assume that the iliness will
change over time, for the better or for the worse, and that these markers can be used to examine treatment
differences related to outcome. Consider, for example, Type Il diabetes. One marker is the initial disease diagnosis
followed by drug treatment. A second marker is a change in the type of medication, or the dose. A third marker
would be a transition to insulin. We will use survival data mining to investigate the relationship between treatments
and time to events for chronic diseases.

The next step is to construct a decision tree based on the analysis of the treatment sequence. We make the
assumption that decision trees can be so constructed to examine the competing risks of different treatment
sequences. We will use data from several sources to examine the data longitudinally.

EPISODE GROUPERS

Solutions under the general category of episode grouper have been developed specifically to fuse claims data The
methodology is difficult to find since it is mostly froprletary and little exists in the research literature."® A brief
summary is given in Forthman, Dove and Wooster.” The main purpose of these groupers is to identify homogeneous
groups of patients so that cost comparisons and summaries can be made. These “episode groupers are used in
analysis with little understanding as to how episodes are defined or how patients are grouped However it is
known that the groupers do not take into consideration the severity of an individual patient’s condition.®

One method of grouping is to examlne medications of a similar nature, and to define the end of an episode if there is
at least one day between claims.” The Medicare Claims Processing Manual defines an episode of care as having a
maximum time period of 60 days or until discharge, although episodes of care can be overlapplng % Another study
defined eplsodes as 30-day periods while a third considered a 4-month to 9-month absence of treatment as the end
of an episode. "2 There are still other definitions of episodes, including one per year However the main method
used to define an episode of care is a variable timeframe, or “washout” period, with a contlnuous time period with an
absence of treatment; that time period changes with the definition of the patient’s condition.™

Unfortunately, it is not always clear just what that time period should be. For example, when a bone gets infected
with a superbug known as MRSA, recurrence can occur up to a year after treatment is completed. Should this year
be the definition of an episode, or should a period of say, six months be used to end the episode? One study that
attempted to define an episode concluded that the duration was approxmately 5 weeks for treatment of diabetic foot
ulcers, excluding all patients who had a bone infection or amputatlon ” Yet most clinical studies of the same
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problem conS|der 8-12 weeks as a minimum for healing of the wounds, almost twice the length of the defined
eplsode  As another example, chronic diseases that are physician managed will have ongoing treatment if
periodic testing and monitoring occur. In that case, an episode has to be defined differently for different treatments
for the same patient condition.

Once a patient episode is defined, it is usually examlned independently of other episodes for the same patient. 2 The
main measure of an episode is its total cost.? However that means that the likelihood that a treatment choice in
episode one leads to episode two is not examined.? In particular, we want to determine whether treatment choices
lead to additional episodes of care. For example, suppose a treatment standard decreases inpatient stays from 5
days to 4 days, but at the cost of doubling the readmission rate. 2 Without examining the sequence of admissions,
the 1-day reduction would be conS|dered a cost effective outcome, especially if an episode is defined as the time
from admission to dlscharge ® In addition to variability in patient response to treatments there are competing risks
that result in different choices of treatment made either by the physician or the patlent “"Treatment variability is
very characteristic of psychiatric treatment, even more so than for physician medicine. z

Another consideration is the pathway itself, defined by compllance with treatment and the continuity of care,
especially to determine the effectiveness of disease management. .29 \We need to create a definition of compliance
with care, and to rank compliance with treatment. We also need to ensure that all treatments (including prescribed
medications) are included in the pathway, and are used to define episodes of care.

Relying on claims data, which is combined into one database from multiple sources, a date of care is included in
each claim. However, if a patient is treated in the hospital, there can be several different physicians giving different
types of care. It becomes a major challenge to relate these together into one episode. At a minimum, claims from the
same episode should have the same diagnosis related group (DRG) code. However, this code may be entered
inaccurately. Claims for medications may not contain this code at all. Each claim will have a service date. We start
by creating a clustering for each patient based upon date and DRG codes. Not every patient claim will be clustered
successfully. From there, predictive modeling will be used for the unclustered values to predict membership into
each cluster.®**’

To examine the sequence of episodes, we will define a time series with multiple time endpoints. The initial time point
will define the initial treatment and beginning of a chronic problem. The additional time points will be defined as
either the end of the episode, or a change in condition, where the chronic illness gets better, or worse. We will use
both fixed and dynamic regressors to investigate the patient outcomes. These regressors can represent a different
medication, or a decision to perform surgery, or a change from outpatient to inpatient status. They can also
represent a new, ongoing treatment. The fixed regressors will represent patient demographic information, and the
initial severity of the patient’s condition. The time series will be transactional in nature as the changes in treatment
will not necessarily occur at fixed intervals. We will start by defining a time series for each patient, and then
consolidating them into a series of outcomes. Once we have the likelihood of various outcomes defined by the time
series, we can create a decision tree to look at the probability of each outcome given treatment choices.

In addition, it will be important to detect outliers either as they occur, or before they occur in terms of both cost and
outcomes. Therefore, the claims data can also be considered streaming data, with changes in treatments indicative
of future outcomes that can be costly either to payer or patient.

Data Mining Methodology

Data mining and statistics have generally developed in different domains. Statisticians are primarily interested in
inference; data miners in exploratory data analysis. Nevertheless, there are some |nstances where data mining and
statistics have blended. Many statisticians remain dubious about the data mining process 2 Others are concerned
with the lack of a theoretlcal framework similar to the one for inferential statistics, especially since data mining tends
to be algorithmic- -based.’

Statistics and data mining differ in the use of machine learning methods, the volume of data, and the role of
computational complexity. Our need for analysis is exceeding our abilities to handle the com;a)lexny 3. 37
Preprocessing is far more important with large datasets, especially as we approach the petabyte level.™ However,
there are indications that data mining is focused on the data mining process itself with litle emphasis on the
knowledge actually extracted.*® We need to know whether the extracted pattern is real or spurious, meaningful or
meaningless. Will the extracted knowledge motivate positive action? Will it motivate decision making? Can the
extracted information be interpreted?

While some of the methodologies are similar in both data mining and statistical analysis, the desired outcomes can
differ substantially. For example, market segmentation is a problem of clustering; howeverd in the data mining
approach, the clustering is acceptable if the result is increased sales or better prediction. " In the statlstlcal
approach, the clustering is good if there is homogeneity within clusters and heterogeneity across clusters.”’ On the
other hand, an association rule or market basket analysis is a technique of data mining used almost exclusively in
marketing applications.42’ * The primary concern of this type of analysis is sales, and more recently to distinguish
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between customers with higher levels of sales.** However, in other, non-marketing applications, the optimal goal
might be to change behavior rather than to just model customer behavior.*> *® Therefore, the potential of market
basket analysis still needs to be exploited statistically.

Another difference in approach occurs with binary or ordinal outcomes. Typically in a logistic regression analysis
from a statistical perspective, the sample size is too small to allow us to over-sample rare occurrences.*’ This over-
sampling is necessary because logistic regression performs poorly if the group sizes are not similar. Yet, especially
in medical studies, logistic regression is used frequently to predict rare occurrences. Often, high rates of accuracg
are not examined in terms of differing false positive and false negative rates, resulting in a very inflated outcome.”
Sometimes, attempts are made to find matching cohorts; however, they are only matched on parameters defined by
the investigator; the rare occurrence remains rare.*® % While there are concerns about the use of statistical models
in medicine, the issue of sampling rare occurrences is not considered importan’t.51 High risk versus low risk is often
the binary outcome under consideration. In statistical models, linear and logistic models are used to distinguish
between population groups. Often risk, particularly patient risk, is assumed uniform across the population base,sz'54
for example, when we consider the risk of polio when the disease now occurs from a vaccine, or from the potential
risk of bioterrorism.”® We still assume that everyone is equally at risk. % Pooled risk, too, assumes that risk is
uniform throughout the pooI.57 The use of more input variables allows for individual assessment so that in data
mining, risk is defined by individuals in the population base.

While statistical software simplifies the development of predictive models, there is danger in the inapplicability of
models that must be clearly understood.’® In the data mining approach, the number of rare occurrences is sufficiently
large so that over-sampling still results in a sufficiently large sample.59 Therefore, we can change the focus from
prediction of risk to prediction of diagnosis. Data mining procedures can also rank observations to determine those
most likely to predict accurately.60

One of the major problems with either data mining or statistical analysis is the requirement of preprocessing data.®®
®1 Often, different pieces of the databases are located at different sources that are not necessarily compatible. This
is particularly true in healthcare. Information publicly available, but located at different web locations, is also
problematic.

There are indications that 80-90% of available data are in text form.®* For too long, such data have been largely

ignored, or used to define simple frequency counts. Text mining can now be used to analyze smaller and smaller
pieces of text, allowing it to be used to compress large, categorical variables.®* ® Text mining can also be used to
find a natural ordering in the data for the purpose of ranking clusters.®®

Much of the data collected in databases nowadays is incomplete and noisy. This may be deliberate as, for example,
when a customer refuses to provide an accurate date of birth or accidental as due to input error. Also, there is
always the danger that data may be old or redundant. Thus, it is essential to researchers to base their analysis on
what is described as “clean data’. Cleaning data or preprocessing the data prior to mining is designed to eliminate
the following anomalies:

Missing field values.
Outliers.
Obsolete and/or redundant data.

Data in clear contradiction of common sense or well established industry norms.

o > N =

Data in inconsistent state or format.

It is estimated the 50-60% of researchers’ time is spent in data preprocessing to create databases suitable for data
mining. Thus, it is no surprise that data preparation is an integral phase of the data mining process as a whole.

It is also the case that data preprocessing requires an understanding of the data and of the statistical analysis that is
necessary to manipulate the data in order to remove any anomalies.?®®® Another issue in preprocessing is the need
to define the observational unit. For example, the dataset might focus on individual claims from one inpatient hospital
stay. However, there would be separate claims for the hospital, the physicians, the medications prescribed on
discharge, and any home health care required. In order to examine the entire cost of one visit, the observational unit
must be changed from claim to inpatient process.

Data Fusion

Data fusion has been a trend in the field of imaging, text and signal analyses, and it is a combination of many
disciplines. Communication and data management technologies focus on the organization, storage, preservation,
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and distribution of data. Mathematics, computer science, and artificial intelligence all contribute to the development
of automatic and principled methods for combining, restructuring and summarizing diverse, incomplete and
conflicting information. Data fusion covers an entire process: data gathering from muIti(PIe sources, data format
conversion, data combination, conflict resolution, data summarization and distribution.®® 7 The process takes input
from heterogeneous sources and produces a coherent representation. Although multi-sensor data fusion is still not
regarded as a formal professional discipline, tremendous progress has been made. The success of data fusion, and
later data mining, depends as much on the adoption of appropriate methodologies and processes as it does on the
availability of suitable data and the use of appropriate technology.

Medical data fusion is an emerging field which has recently experienced a tremendous reduction of innovation
cycles. Progress and advances in medical imaging, medical signals, and an unstructured text format, have an
immediate impact on commercial products and clinical practice. Today, various data modalities with completely
different capabilities are available for diagnosis, intervention, surgery, or monitoring.71 In multi-modal data
registration, data of different modalities are transformed into a single coordinate system. Physicians get
simultaneous access to the patient's data.

SAS CODE FOR PREPROCESSING DATA

We first preprocess the data. The data were already in the form of SAS datasets. They were merged together so that
the longitudinal progression for individual patients was maintained. The data were previously de-identified according
to HIPAA (Health Insurance Portability and Accountability Act) requirements, using randomly selected keys to
substitute for actual patient identifiers.

PROC HPF (for high performance forecasting) is used to bin the patient claims by month, with each month defining
an episode. Any month that does not exceed a minimum specified cost is subsequently filtered out of the dataset to
exclude consideration of routine, follow up visits to the physician.

proc hpf data=sasuser.dataset out=sasuser.episodegroup;
id treatment_date interval=month accumulate=total;

by patient_id;

run;

We next use PROC Transpose to shift the values so that each patient identifier has just one observation in the
dataset.

proc transpose data=sasuser.episodegroup out=sasuser.transposedataset
prefix=procedure_;

var treatment_date;

by patient_id;

run;

METHOD

We applied the proposed methodology to patients with blocked arteries, requiring either angioplasty, angioplasty
with a stent, or bypass surgery. There are three major steps to the creation of a sequential episode grouper.

Step 1.

We first isolate patient identifiers with surgical procedures involving bypass or angioplasty. We use DRG (Diagnosis
Related Group, or primary procedure code) to filter these patients from the database. A DRG is a diagnosis related
group that is used as an identifier to determine insurance reimbursement for the procedure. The DRG codes that
define these procedures have been changed regularly, particularly with the introduction of a new type of stent. Once
filtered, we collected the series of treatments for each patient that are related to bypass and angioplasty.
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The DRG codes used to filter the values are given in Table 1. Table 2 gives the changes to codes during the period
under study.

Table 1. DRG Codes for Bypass and Angioplasty

DRG Code | DRG Description

106 Coronary Bypass W PTCA

547 Coronary Bypass W/Cardiac Cath W/Major CV Dx

548 Coronary Bypass w/cardiac Cath W/O Major CV Dx

549 Coronary Bypass W/O Cardiac cath W/Major CV Dx

550 Coronary Bypass W/O Cardiac Cath W/O Major CV Dx

555 Percutaneous Cardiovascular Procedure W/ major CV Dx

556 Percutaneous Cardiovascular Procedure W/non-drug-eluting stent W/O major CV
Dx

557 Percutaneous Cardiovascular Procedure W/drug-eluting stent W/major CV Dx

558 Percutaneous Cardiovascular procedure W/drug-eluting stent W/O major CV Dx

518 Percutaneous Cardivascular proc w/o AMI w/o coronary artery stent implant

Table 2. Changes to DRG Coding

DRG Codes before October, DRG codes after October, 2005

2005

547 and 548 107 coronary bypass w/cardiac cath

549 and 550 109 coronary bypass w/o major cath

555 516 precutaneous cardiovascular proc w/ AMI

556 DRG 517 percutaneous cardiovascular proc’'w/o AMI, w/coronary artery stent
implant

557 DRG 526 precutaneous cardiovascular proc w/drug-eluting stent w/ AMI

558 527 precutaneous cardiovascular proc w/drug-eluting stent w/o AMI.

Step 2.

Once filtered, we need to determine the potential length of an episode. Fortunately, both angioplasty and bypass
tend to have relatively short duration, with the probability of exceeding 30 days as inpatient so small that it can be
discarded. Other problems will have more of a continuum of treatment, and the episode will be more difficult to
define. Therefore, we define an episode as occurring within a 30-day period.

Step 3

We divide identifiers into two subsets; those with only one inpatient stay and those with more than one procedure.
Once separated, we place a code of “1” on the first subset to represent censored data. Similarly, we place a code of
“0” on the second subset to represent uncensored data. The analysis differs from the standard survival analysis in
that there can be multiple events occurring over time, with multiple recurrences. We can extend this process
indefinitely to find the third, fourth, and so on, episode of care.

To ensure that we are capturing events rather than follow up, we will also exclude all defined episodes below a
threshold amount. In this example, we use the value of $20,000.

data sasuser.transposecensor;

set sasuser.transposedataset;
lastdate='31dec2004'd;

if (procedure_2 = '.') then censor=0;

else censor=1;

if (censor=1) then time=datdif(procedure_1,procedure_2, 'act/act');
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else time=datdif (procedure_1,lastdate, 'act/act');

if (censor=1 and procedure_3='.') then censor2=0;

if (censor=1 and procedure_3 ne '.') then censor2=1;

if (censor2=1) then time2=datdif(procedure_2,procedure_3, 'act/act');
if (censor2=0) then time2=datdif (procedure_2,lastdate, 'act/act');

run;

As traditional survival analysis cannot be used, we turn toward survival data mining. The technigue has been
developed primarily to examine the concept of customer churn, again where multiple end points exist. 273 However,
medical use of survival is still generally limited to one defined event, although some researchers are experimenting
with the use of predictive modeling rather than survival analysis. 780 Nevertheless, in a progressive disease, the
event markers of that progression should be considered.

Assuming a proportional hazard rate, we can use PROC PHREG to estimate the hazard function for each new event.
We can then compare the different initial procedures more easily. We use the SAS code:

data sasuser.datasetforphreg;
set sasuser.olddataset;
by patient_id treatment_data;
where accum_amt>20000;
censor=0;
if last.patient_id then censor=1;
if first.patient_id then sequence_num=0;
sequence_num+1;
run;
proc phreg covs(aggregate) data=sasuser.datasetforphreg;
model start_date*sequence_num(0)=z11 z12 z13 z14;
strata sequence_num;
id patient_id;
z11=drg* (sequence_num=1);
z12=drg* (sequence_num=2) ;
z13=drg* (sequence_num=3) ;
z14=drg* (sequence_num=4) ;

Equaldrg: test z11=z12 z11=z13 z11=z14;

run;

RESULTS

Once the data are filtered by DRG, there remain approximately 270,000 total claims. Once binned, table 3 gives the
number of episodes by DRG code. We also specify that an episode has to have a minimum cost so that we exclude
all follow up patient events that are related to the initial episode. There are almost 22,000 total episodes, of which
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14,006 (approximately 2/3) are initial events without any recurrences. It also gives the percentage by DRG for repeat
episodes.

Table 3. Episodes by DRG

DRG | Frequency | Percent Percentage of Non-Repeat
Patients

106 | 95 0.43 98.94
107 | 1895 8.62 96.59
109 | 1961 8.92 97.92
516 | 1745 7.94 97.92
517 | 3769 17.15 92.21
518 | 4348 19.79 92.36
526 | 1149 5.23 98.38
527 | 5336 24.28 91.02
547 | 92 0.42 100.00
548 | 72 0.33 100.00
549 | 75 0.34 100.00
550 | 143 0.65 100.00
555 | 205 0.93 99.51
556 | 43 0.20 100.00
557 | 390 1.77 98.27
558 | 655 2.98 96.61

As expected, patients with DRG codes 517 and 518, angioplasty with and without a traditional stent have a high rate
of repeats. However, patients with DRG code 527 with the newly developed drug-eluting stent also have a high rate
of repeat episodes. This was unexpected. In the first study, we filter the data down to code 527 and construct
survival functions for the second and third episode, assuming the first episode as the initial time=0 point. Figure 1
gives the survival curve from the first episode to the second. Figure 2 gives the survival curve from the second
episode to the third, for those who have a second episode.
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Figure 1. Time to Second Treatment Event with Drug Eluting Stent
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As it turns out, almost 9% of the patients have a second episode with the drug eluting stent. Approximately 12% of
this 9% have a third episode.

Figure 2. Time to Third Treatment Event with Drug Eluting Stent
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A total of six patients who had an initial angioplasty with a drug-eluting stent also failed, and had a bypass
procedure. We also considered the initial episode of a bypass using DRG codes 106, 107, 109, 547, 548, 549, and
550. The survival curve from the initial bypass to a second episode is given in Figure 3.
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Figure 3. Time to Second Treatment with Bypass Surgery
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Less than 1% of the bypass patients have a second event with bypass surgery.

PROC PHREG, however, did not find that the differences between initial procedures was statistically significant, and
found a hazard rate of 1.006.

DiscussIiON

Physicians tend to be autonomous in their decision making, especially in the absence of treatment guidelines.
Variability in decision making can lead to variability in patient outcomes. Only by comparing outcomes across
physicians can optimal treatment pathways be discovered.

In a future study, we will next examine the more complex issue of osteomyelitis in patients with diabetes. Patients
with diabetes are at high risk of developing diabetic foot ulcers. If the ulcers get infected, especially with the bacteria,
MRSA, the risk of developing osteomyelitis and subsequent amputation are also quite high. The longer it takes to
heal the ulcers; the greater the probability of infection. Moreover, the choice antibiotic treatment, and its duration are
also directly related to success in healing. Because the treatment of foot ulcers and osteomyelitis are ongoing as the
conditions, once started, often become chronic, we need to examine the totality of care. Unfortunately, in the past,
each episode has been considered independent of other episodes. Therefore, the development of a sequential
treatment pathway is invaluable to determine which pathways have a higher risk of amputation compared to others.

We will also use the survival data mining to find the probability values needed to construct the decision tree. The
results of this study indicate that bypass surgery will result in fewer repeat procedures. However, the eluting stent is
far less costly. It was surprising that this newer technology resulted in a higher rate of repeat procedures, even if the
difference was not statistically significant.
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