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atient care journeys span the entire continuum of clini-

cal and nonclinical experiences. Navigating through a
multitude of these events is a mystifying and daunting
experience for most patients, and particularly so for patients with
multiple chronic conditions (MCCs).! Despite being the central
figure in their scenarios, research indicates that patients hold
little power for steering in an appropriate direction through these
passages.? Although hospitals and individual providers recognize
the need to guide patients through their treatments, often such
guidance follows a top-down approach and does not actively
involve patients in the decision-making process.? However, with
personalized and precision medicine gaining increasing atten-
tion, and with more patients and providers participating in the
value-based payment models that emphasize patient satisfac-
tion,* healthcare stakeholders are seeking to facilitate shared
decision making by incorporating not only treatment efficacy and
clinical factors, but also—equally important—patients’ personal
preferences and financial limitations. In fact, multiple research
studies have found that involving patients in the decision-making
process can lead to higher satisfaction, lower medical costs, and
better health outcomes, among other benefits.>® Prior research
also shows that patients’ knowledge of pricing information is as-
sociated with lower medical costs for common medical services.’
With medical cost being such an opaque subject, providers also
may not have the best guidance strategy for the treatments that they
offer to their patients.®® Given these challenges, this study proposes a
new approach to incorporate medical costs explicitly in the chrono-
logically ordered, clinical pathways (CPs) of patient experiences. We
especially focused on MCC patients, who are high utilizers of medi-
cal services and often participate in innovative payment programs.*
We illustrated this approach using a cost-centered perspective as
well as a clinically focused perspective to show alignment in some
subgroups and significant variations in others, in the categorization
of pathways and patient subgroups under these 2 differing views.
The long-term goal of this research is to eventually achieve accurate
predictions of anticipated future events and costs following differ-

ABSTRACT

OBJECTIVES: This study illustrates a systematic
methodology to embed medical costs into the exact flow

of clinical events associated with chronic care delivery. We
summarized and visualized the results using clinical and
cost data, with the goal of empowering patients and care
providers with actionable information as they navigate
through a multitude of clinical events and medical expenses.

STUDY DESIGN: We analyzed the electronic health records
(EHRs) and medication cost data of 288 patients from 2009
to 2011, whose initial diagnoses included chronic kidney
disease stage 3, hypertension, and diabetes.

METHODS: We developed chronological pathways of care
and costs for each patient from EHR and medication cost
data. Using a data-driven method called clinical pathway
(CP) learning, which leverages statistical machine-learning
algorithms, we categorized patients into clinically similar
subgroups based on progressing clinical complexity and
associated care needs. The CP-based subgroups were
compared against cost-based subgroups stratified by
quartiles of total medication costs, and visualized via
pathways that are color-coded by costs.

RESULTS: Our methods identified 3 CP-based, and 4
cost-based, patient subgroups. Two sets of subgroups
from each approach indicated some clinical similarity in
terms of average statistics, such as number of diagnoses
and medication needs. However, the CP-based subgroups
displayed significant variation in costs; conversely, large
differences in clinical needs were observed among cost-
based subgroups.

CONCLUSIONS: This study demonstrates that CPs
extracted from EHRs can be enhanced with appropriate cost
information to potentially provide detailed visibility into the
variability and inconsistencies in current best practices for
chronic care delivery.
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ent clinical and cost pathways for improved
shared decision making, and, subsequently,
identify appropriate ranges of cost for targeted
clinical pathways within a patient population.

Data-Driven Clinical and Cost Pathways

TAKE-AWAY POINTS

This preliminary study extracts patterns and variations in medical spending associated with
the flow of clinical events in the management of patients with multiple chronic conditions.

» ltillustrates a systematic, generalizable methodology for embedding cost information into

Background

the clinical pathways of patient cohorts using electronic health record and cost data.

» It exposes variations in costs among clinically similar patients, and variations in clinical

CPs, commonly referred to as treatment plans
that are time- and task-oriented, describe the
essential steps associated with the expected
clinical course in diagnosing and treating pa-

complexity among patients with similar costs, by comparing patient cohorts categorized by
their clinical pathways and total medical spending, respectively.

» Future extensions will examine appropriate incorporation of data-driven evidence into shared
decision making and innovative cost analyses.

tients.'° The goals in using CPs are to optimize
treatment efficiency, patient outcomes, and medical spending."”
CPs are used widely in the United States and are expected to have
an even larger influence on healthcare delivery, quality, and patient
outcomes, as bundled or episode-based payments gain momen-
tum. Furthermore, using information from CPs in the operational
setting has the potential to optimize not only the efficacy of treat-
ments, but also their costs to patients, providers, and society.
Despite these anticipated benefits, to the best of our knowledge,
there is a tremendous gap in the resources that will allow clinicians
and patients to incorporate best practices for healthcare delivery
in the form of CPs. Therefore, we aimed to begin bridging this gap
by developing a data-driven approach that would take advantage
of the large amount of detailed, patient-level, clinical information
captured in electronic health records (EHRs), coupled with cost data
that document the medical costs associated with patients’ clinical
activities. This preliminary study applies an advanced, systematic,
and generalizable methodology to embed medical costs, specifically,
costs of medications, into the exact flow of clinical events associated
with the complexities of chronic care delivery. Combined pathways
of clinical and cost information are summarized and visualized for
patient subgroups following common CPs, and compared against
simple cost-based segmentation of the patient population.

METHODS

CP learning refers to an emerging area of data-driven research to
mine the common and rare patterns in the co-progression of 1 or
more clinical events, depending on the availability of granular
data and types of research questions, using statistical machine-
learning methods." Our previous studies developed and applied
these methods to chronic kidney disease (CKD) to identify CPs con-
taining: a) encounters; b) diagnoses as International Classification of
Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) codes; )
procedures as Current Procedural Terminology (CPT) codes; and d)
prescriptions of medications summarized by drug classes.'>** This
study extends these methods that combine statistical machine
learning and data visualization by specifically incorporating costs
associated with medications. Developing such detailed visibility
into the co-progression of treatments and diseases from actual

practice data, rather than abstract clinical guidelines, along with
the costs associated with the events—medications, in this in-
stance—is potentially a useful and novel approach to investigate.

We applied 2 approaches in identifying CPs with cost data. The
clinically focused approach used our CP-learning algorithm to detect
the differences in progression of clinical factors, but not costs, in
order to divide patients into clinically similar subgroups. The costs
of medications were subsequently computed for these subgroups.
The cost-centered approach, which is analytically simpler, divided
patients into similar subgroups based solely on the total amount of
estimated co-pays on medications. Generally, the clinically focused
approach categorizes patients by pathways of care, whereas the cost-
centered approach does so based on the total cost of care.

Sample Patients

We collaborated with a community nephrology practice in western
Pennsylvania that specializes in the management of CKD. CKD pa-
tients—mostly an elderly and vulnerable population—commonly
suffer from a number of serious comorbidities and complications
as the disease progresses to end-stage renal disease (ESRD).!* Many
CKD patients are Medicare beneficiaries, and the United States
Renal Data System reports that CKD patients incur nearly twice
the cost for their care, on average, compared with the non-CKD
Medicare patient." In addition, characteristics of the disease have
resulted in limited high-quality randomized clinical trials, further
exacerbating the challenges in care delivery.” Hence, improved
management of this population using the approach illustrated in
this study may generate multiple benefits, such as reduced costs
and increased patient satisfaction.

Data

We obtained detailed clinical data, over the time period from 2009
to 2011, from the EHR extracts of the nephrology practice. We iden-
tified 288 patients diagnosed with only CKD stage 3, diabetes, and
hypertension, and with no other complications, at the beginning of
the 2-year period. The gender ratio of female to male was 0.41t0 0.59,
and the average age of patients was 73.4 years (standard deviation
[SD] =10). Race represented by the study patients included Caucasian
(94.4%), African American (4.8%), and other (0.8%). Over the 2-year

THE AMERICAN JOURNAL OF MANAGED CARE®

VOL. 22, NO. 12

817



METHODS

TABLE. Descriptive Statistics of Subgroups by Spending and Clinical Complexity, Over a 2-Year Period

Categorize by Cost Categorize by CP
Subgroup Category High Medium Low Zero High Medium Low
Spending Spending Spending  Spending Complexity Complexity Complexity
Patients, n 72 72 85 59 106 92 90
Avg age, years (SD) 72.2(9.00 71.4(11.3) 75.0(9.3)  74.9(9.8) 73.2(9.9)  74.7(9.3) 72.2(10.6)
Demographics  African American, % 5.6% 1.4% 5.9% 6.8% 2.8% 7.6% 4.4%
Female, % 37.5% 41.7% 40.0% 45.8% 39.6% 39.1% 44.L%
Avg 3826.4 274.6 25.2 0.1 2512.7 272.5 66.8
SD 3215.0 199.6 21.9 0.3 2705.6 1960.3 135.0
Cost, $ Cv 0.84 0.73 0.87 3.00 1.08 7.19 2.02
Max 18,801.4 699.8 78.6 1.8 10,993.5 18,801.4 590.3
Min 722.6 78.9 2 0 12 0 0
Avgnumberof unique 55 04 54(145)  5(1.55)  48(149)  62(192) 530164  5(1.67)
diagnoses (SD)
Clinical ) )
Patients with CKD 29.20%  1670%  7.10% 8.50% 23.60%  1410%  6.70%
progression, %
Avg ““m[z‘g] ofvisits 702640 620224 5.4(204) 49(2.18)  64(238) 5.4(2.65) 5.9 (2.06)
Service
utilization Avg number of
unique drug class 16.7(5.97)  9.7(5.16)  3.6(2.66)  0.4(0.80) 15.2(6.22)  3.6(3.66)  3.2(3.63)

prescriptions (SD)

Avg indicates average; CKD, chronic kidney disease; CP, clinical pathway; CV, coefficient of variation; max, maximum; min, minimum; SD, standard deviation.

period, patients had, on average, 5.5 (SD = 2.1) office visits, 0.4 (SD=1.0)
hospitalizations, and 0.4 (SD = 0.2) education sessions, respectively.

CPs were created based on all records within 2 years since the
initial visit, such that we could track the co-progression of clinical
events and associated costs within a fixed time interval. Analysis
includes the following patient care information: a) encounter types:
office visit, hospitalization, education sessions; b) diagnoses as ICD-
9-CM codes: CKD stages 1to 5, ESRD, hypertension, diabetes, acute
kidney injury, hyperparathyroidism, anemia, proteinuria, hyperka-
lemia, acidosis, hyperphosphatemia, glomerulonephritis, urinary
obstruction, volume depletion, rhabdomyolysis; c¢) procedures as
CPT codes: renal Doppler and ultrasound; and d) all medications
taken by patients, excluding over-the-counter medications.

In the clinically focused approach, medications are summarized
by drug classes for the purpose of patient subgrouping. In the cost-
centered approach, total costs are calculated for each medication
as is. Therefore, it is possible for 2 patients with similar clinical
conditions and needs to be categorized into different levels, such
as medium for complexity and high for spending, because CP-based
subgroups are based on diagnoses and drug classes, whereas cost-
based subgroups are based on costs from co-pays of each medica-
tion brand. For the sake of simplicity in illustrating our approach,
the analysis in this paper examined only the cost of medications in
the form of patient co-pays. We manually obtained the estimated
co-pay of each medication from GoodRx that provides information
on prescription prices under different insurance plans. To do so, we

assumed that all patients were: Medicare beneficiaries, under AARP
Medicare Complete Plan 1; residing in zip code 15201 of Pittsburgh,
Pennsylvania; being prescribed medication dosages at the lowest
appropriate level; and purchasing 30-day medication supplies.

RESULTS

The total estimated medication co-pays over 2 years had a wide
range, from $0 to over $18,800, with an average of $1032.70 (SD =
$2274.0) under the stated assumptions. In the cost-centered ap-
proach, we categorized patients into 4 quartile-based subgroups
based on spending: high spenders (75% and up), medium spenders
(50%-75%), low spenders (25%-50%), and zero spenders (0%-25%).
The clinically focused approach detected 3 subgroups using the
CP-learning algorithm based on clinical conditions and needs:
high complexity, medium complexity, and low complexity. The
Table displays the descriptive statistics of each subgroup, under
both clinically focused and cost-centered approaches.

The Table reveals that the 2 medium subgroups—medium
spenders and medium complexity—obtained from the clinical
and costapproaches are in fact clinically quite similar. For example,
the subgroups had, on average, 6.2 and 5.4 visits, and 5.6 and 5.3
unique diagnoses, but differed in the number of unique drugs (9.7
vs 3.6, respectively); and as an outcome measure, 16.7% and 14.1%,
respectively, of the patients progressed beyond CKD stage 3. Even
the average cost, $274.6 and $272.5, respectively, differed by just
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FIGURE 1. Number of Patients by Spending, Color-Coded

Data-Driven Clinical and Cost Pathways

FIGURE 2. Variations in Cost Among Clinically Similar
Patients

by Clinical Complexity
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over $2. However, what is strikingly different is the variation in
costs between the 2 subgroups. Whereas the coefficient of varia-
tion of medium spenders was 0.73, that of the medium complexity
group was 7.1—nearly a 10-fold increase.

Figure 1 displays the overlap in the assignment of patients to
subgroups under clinically focused and cost-centered approaches.
Although 97% of the high-spending patients were also part of the
high-complexity group, 2 patients in the high-spending group—
including the patient who spent the most, $18,801.40—were in fact
assigned to the medium complexity group. One potential explana-
tion, which needs to be verified by the clinicians, is that there might
have been excessive spending of medical resources given these
patients’ clinical needs, which are at the medium-complexity level.

In contrast, Figure 2 (parts a and b) displays the large variations in
cost among clinically similar patients. Figure 2(b) displays patients’
actual CPs generated for the medium-complexity subgroup. It can
be pictured as a map of visits that patients experienced during the
2-year period. Each node in Figure 2 is a unique visit characterized by
encounter type, diagnoses noted, and combinations of drug classes
prescribed to patients. Starting with the dense, overlapped areas at the
left-hand side of Figure 2(b), with all patients diagnosed with CKD stage
3, diabetes, and hypertension, but no other complications, the fan-
ning pathways show the divergence from the common starting point
as patients’ disease progresses and complications emerge in diverse
ways, for which varying treatments are provided. The size of the nodes
and thickness of the edges reflect frequency of visits and transitions
in the data. A larger node suggests that this is a common visit that
many patients experience, and a thicker edge is an indication that the
transition of visits, and accompanying change in clinical conditions
or medication prescriptions, are observed among many patients. The
color of each visit represents the spending category in quartiles: high
(black), medium (dark blue), low (light blue), and zero (green).

(a) Number of patients by clinical complexity, color-coded by spending
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(b) Visualization of CPs in the medium complexity subgroup,
color-coded by cost of co-pays of medications prescribed in visit

CP indicates clinical pathway.

DISCUSSION

There is growing recognition of the need for more precise risk-
adjustment strategies, incorporation of evidence-based treatment
variability, and increased use of data and information technology
to facilitate patient engagement and shared decision making in
promoting value-based payment systems.*'®” In this preliminary
study, we aimed to provide a generalizable framework to estimate
the costs associated with actual care delivery, and to expose varia-
tions in care and cost. In particular, the results from this study
showed significant variation in costs among patients who are clini-
cally similar. A deeper analysis of these pathways may uncover the
patterns and causes for these variations within subgroups to allow
appropriate incorporation of this evidence into the development
of future payment models and care delivery practices.

In this study, we analyzed data on CKD patients whose complex,
chronic condition is an example of the high-need, high-cost care
delivery context that is a continuing challenge to the healthcare
system.’® These patients require coordinated care due to their
MCCs, and are a key population to be considered in policy design
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and implementation.* Our proposed framework specifically targets
this patient population by modeling the co-progression of multiple
clinical factors, treatments, and medications. We envision thatan
information technology—enabled tool based on the demonstrated
methodology, once developed, deployed, and rigorously evaluated,
can be used at the point of care by clinicians and patients to discuss
available courses of treatment options, consider their potential
efficacy projected at the cohort and personal level, and, equally
important, build awareness of the costs associated with the entire
course of treatment. Such tools may also provide policy makers and
other stakeholders at healthcare practices access to data-driven
evidence for innovative cost analyses.

Limitations

Although the methodology is generalizable to other health condi-
tions and includes many clinical factors, a major limitation of
our analysis is the accuracy and availability of data, particularly
relevant to our cost-estimation approach. For illustrative purposes,
we assigned all patients to a single Medicare plan and manually ob-
tained the estimated co-pays from a website that provides prescrip-
tion price information. Therefore, some of the drugs selected and
prescribed to patients that were found to be excessively expensive
may well be due to the potential discrepancy between our assumed
insurance plan and patients’ actual plans.

In addition, variations in CPs observed within each subgroup may
be explained by unobserved variables, such as social and behavioral
factors, as well as the more extensive health information that was
not included in the current analysis. For example, the nature of our
EHR dataset limits our ability to infer medication adherence; thus,
the generated CPs assume perfect medication adherence, which we
recognize to be unrealistic. There is also the possibility that the lack
of adherence may lead to divergences in the CPs, but the current data
fail to capture such associations. Furthermore, patients’ conditions
are gauged using ICD-9-CM codes recorded in the EHR; therefore,
we did not distinguish patients by the severity of each condition.
For instance, use of insulin, whose choice is a marker of severity in
diabetes,” is often observed among the high-spending/complexity
subgroup, but our CP-learning algorithm considered all patients
with diabetes to have the same severity. Availability of such detailed,
relevant data in the future—such as claims data and lab results—will
help to overcome these limitations.

CONCLUSIONS

This preliminary analysis shows that patient subgroups generated
by the CP-learning methods may be able to expose variations in
costs among patients who are clinically similar, and vice versa,
thereby facilitating future research to develop improved treatment
plans within innovative payment models. B
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