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ABSTRACT

Objective The study capitalised on national insurance
claims data to gather information on patient characteristics
and associated costs to better understand the diagnosis
and treatment of rare diseases (RDs).

Materials and methods Data from the Healthcare

Cost Institute (HCCI) data enclave were analysed using

R statistical software and filtered by the International
Classification of Diseases, 10th edition (ICD-10), current
procedural terminology codes and the National Drug

Code associated with 14 RDs and disease-modifying
therapy options. Data were aggregated by prevalence,
costs, patient characteristics and effects of treatment
modification.

Results The prevalence and costs of RDs in the HCCI
commercial claims database varied significantly across the
USA and between urban and rural areas. Pharmacy costs
increased when a new treatment was initiated, while non-
pharmacy costs decreased.

Discussion Prevalence and cost estimations are highly
variable due to the small number of patients with RDs, and
the lack of a national healthcare database limits inferences
for such patient populations. Accurate assessments
require a diverse population, which can likely be achieved
by analysing multiple databases. RDs face challenges in
prevalence estimation due to a lack of specific disease
coding and a small patient population, compounded by
issues like data standardisation and privacy concerns.
Addressing these through improved data management in
healthcare systems, increased research and education will
lead to better diagnosis, care management and quality of
life for patients with RD.

Conclusion Data on patients with RD in the HCCI
database were analysed for prevalence, costs, patient
characteristics and treatment modification effects.
Significant heterogeneity in each of these factors was
found across RDs, geography and locality (eg, urban and
rural). Building capabilities to use machine learning to
accelerate the diagnosis of RDs would vastly improve

with changes to healthcare data, such as standardising
data input, linking databases, addressing privacy issues
and assigning ICD-10 codes for all RDs, resulting in more
robust data for RD analytics.

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Rare diseases (RDs) affect a large number of people
(30 million in the USA alone) and comprise vulner-
able populations facing challenges in diagnosis and
treatment.

WHAT THIS STUDY ADDS

= The results from this study illustrate the significant
heterogeneity in prevalence, cost and treatment
effects among the RD population and suggest that
strategies to improve data standardisation and phy-
sician or healthcare system (HCS) understanding of
the impact of RDs will improve our collective ability
to diagnose and treat patients with RD.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= This study’s results are necessary for increasing our
ability to accurately and expeditiously diagnose and
treat patients with RD. RDs represent an urgent and
extensive public health need currently unmet, with
patients and HCS bearing the brunt of that burden.
These study results, along with long-recognised
considerations discussed in the RD communi-
ty, illustrate the need and potential to incorporate
tools—including such machine learning-based
computational approaches—to leverage existing
HCS data. Extension, expansion and validation of
the processes performed for this study (in addition
to mitigating the described limitations) indicate the
ability to identify patients with RD sooner and more
accurately and estimate the repercussions of undi-
agnosed RDs on HCS and patients, thereby decreas-
ing the burden of RDs on patients, physicians and
the entire HCS.

INTRODUCTION

Background and significance

The Orphan Drug Act defines a rare disease
(RD) as a disease that impacts fewer than
200000 people in the USA (https://raredis-
eases.info.nih.gov/about). However, with an
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estimated 7000-10 000 different RDs, 30 million—or 1 in
every 10—Americans are collectively impacted by RDs.'™
Accordingly, when all RDs are considered together, they
have staggering implications for a large swath of the USA
and global population, on healthcare systems (HCS)
and, most importantly, on patients with RD.°

Despite the number of Americans estimated to be
impacted by RDs, many of these patients experience diffi-
culty obtaining timely and accurate diagnoses. Reasons
for this include unknown molecular mechanisms for
diagnostics, a lack of US Food and Drug Administra-
tion (FDA)-approved treatments, difficulty in navigating
patient data,” small and dispersed patient populations,
diffused RD-specific expertise, overlapping symptoms
and primary care physicians not well versed in all 10
000 RDs. As a result, many patients experience misdi-
agnosis and failed therapy interventions.®? The path to
diagnosis is often a prolonged journey that, according
to the World Economic Forum,' can last an average
of 7-8 years. Unfortunately, this lag in diagnosis may
also result in missed opportunities to stop or slow RD
progression. Patients may unknowingly forego disease-
modifying therapy if available, or inappropriate care
may be provided if misdiagnosed. Identifying individuals
with RDs earlier could alleviate the long-term sequelae
and financial burdens associated with RDs."" '* Patients
with RD also grapple with limited treatment options,
challenges finding a specialised physician or treatment
centre, little or no research being conducted for their
disease, high treatment costs and difficulty accessing
medical, social or financial services or assistance.'®
Machine learning (ML), which encompasses a set of
methodologies designed to gain insights and under-
standing from complex datasets,'* offers an opportunity
to better characterise RD and potentially lead to earlier
diagnosis by identifying key features associated with RD.
However, ML approaches require large volumes of data
to be most effective in making predictions. Thus, itis crit-
ical for the successful applications of such approaches to
access and use large national databases for RD research,
as regional approaches will be limited in patient numbers
for any given RD.

Objectives
The objective of this study is to comprehensively analyse
and characterise the prevalence, patient characteristics
and economic implications associated with RDs in the
USA. The fragmented nature of the US HCS can lead
to considerable variability in patient care and utilisa-
tion,"” particularly concerning RDs. To address this, we
have undertaken a detailed investigation using national
commercial claims data sourced from the Healthcare
Cost Institute (HCCI). This database encompasses a
timeframe from 2012 to 2020 and includes data on an
annual addition of 55 million individuals.

Building upon the groundwork laid by the Impact
of Rare Diseases on Patients and Healthcare Systems
(IDea$S) pilot study’ conducted by the Division of Rare

Disease Research Innovation within the National Insti-
tutes of Health National Centre for Advancing Trans-
lational Sciences (NCATS), our focus centres on 14
specific RDs. These conditions were the subject of the
aforementioned pilot study, which encompassed diverse
HCSs characterised by variations in geographic coverage,
insurance representation, patient volume and duration
of coverage. Our study aims to expand upon the insights
garnered from the IDeaS pilot study by employing
records exclusively from the HCCI database spanning
the years 2016 through 2020. The primary objectives of
this investigation are to estimate the prevalence of RDs
across the USA, categorise the distribution of RDs within
urban and rural communities, delineate the economic
costs associated with RDs, classify patients based on their
demographic and clinical characteristics and explore
the impacts of treatment modifications. Through this
multifaceted analysis, we seek to provide a comprehen-
sive overview of the landscape of RDs in the USA, thereby
contributing valuable insights to the understanding of
these conditions and their implications for patients and
HSCs.

METHODS

Population

In this study, we aim to build upon the pilot study
conducted by Tisdale et al.” Our goal is to assess the prev-
alence, characteristic behaviours and costs associated
with 14 RDs across the USA. To ensure consistency, we
employed the same 14 RDs as in the pilot study, facili-
tating direct comparison of results.

Data collection

To achieve our objectives, we used data from the HCCI
commercial claims database,'® spanning the period
from 2016 to 2020. This dataset enabled us to identify
patients diagnosed with RDs and subsequently address
specific questions concerning prevalence, characteristics
and costs. To determine the prevalence, we employed
a chronological approach, identifying patients with two
instances of RD International Classification of Diseases,
10th edition (ICD-10) diagnosis codes,'” identical codes
or codes suggesting the same RD within a 3-month time-
frame. For the purpose of stratification, we classified data
based on urban-rural distinctions using zip codes from
HCCI members and the Rural-Urban Commuting Area
(RUCA) codes'® provided by the US Department of Agri-
culture.

Our analysis also encompassed a detailed examina-
tion of costs related to RDs. We stratified costs by urban
or rural categories and claim type, including inpatient,
outpatient (facility charges), physician services and phar-
macy expenses. Furthermore, we investigated the impact
of disease-modifying therapies on patients’ overall costs
and claim frequencies. Specifically, we focused on cystic
fibrosis (CF), studying the distribution and trends of
claims and costs across different claim types before and
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after the initiation of treatment. For the analysis of treat-
ment impact, we included only patients with a history of
claims 90 days prior to and after treatment initiation.

Data analysis

The estimation of the prevalence of an RD involved deter-
mining the ratio of individuals diagnosed with the RD to
the total patient count within the HCCI database for the
designated timeframe. For comparisons among groups,
a Kruskal-Wallis test along with pairwise Mann-Whitney
tests were employed to probe for significant differences.
We chose non-parametric tests such as the Mann-Whitney
test due to their robustness to data distribution and
outliers, unlike parametric tests like the t-test.'9 %

For our cluster analysis, we aimed to produce the same
number of clusters of patients for each disease. The
primary objective of the analysis was to gain insights into
the underlying structure of the data in an exploratory
manner. As the dataset pertains to 14 RDs with potentially
complex relationships between patients’ clinical charac-
teristics, a clustering approach was employed to iden-
tify any discernible patterns or similarities among the
patients. Given the exploratory nature of the study and
the absence of prior knowledge about the exact number
of latent clusters, it was decided to use k-means clustering
with five clusters as an initial step to partition the patients
into distinct groups for further investigation. We clus-
tered the patients for each of the 14 RDs separately based
on claims per patient (CPP), the total number of CPPs
and the average number of days between CPPs.

All the analyses described above were carried out using
R*' or R Studio within the HCCI data enclave. For a
more comprehensive description of the methods used,
please refer to online supplemental file 1. Additionally,
the scripts employed for the various analyses are publicly
accessible on our GitHub repository: https://github.

com/omicsEye/rare disease claims.

Patient and public involvement
There were no patients involved in this study.

RESULTS

RD prevalence estimations

The HCCI database population (figure 1) consisted of a
total of 117908 879 members registered or active between
2016 and 2020, with 170472 unique patients with one of
the 14 RDs (0.145%). In the HCCI database, the RDs
with the highest prevalence were eosinophilic esophagitis
(EOE), sickle cell disease (SCD), CF, pheochromocytoma
(Pheo) and muscular dystrophy (MD) (figure 2A).

This correlated with the top five most prevalent RDs
in the medical literature, which were MD, EOE, SCD,
hereditary haemorrhagic telangiectasia (HHT) and CF.
The primary differences were the rank order and the
symmetric difference of Pheo and HHT (figure 2B). The
diseases with the lowest prevalence in the HCCI data-
base were Batten disease (BD), mitochondrial neurogas-
trointestinal encephalopathy (MNGIE) and Takayasu’s
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Figure 1 Schematic of data analysis in the HCCI database
with patient numbers from 2016-2020.

arteritis (TA), while the RDs with the lowest prevalence
in the medical literature were MNGIE, Pheo and TA
(online supplemental STable 1).

Analysis of the prevalence of the 14 RDs at the state
level and the RUCA level revealed prevalence was highly
variable by state, yet there were no immediately discern-
ible patterns (online supplemental STable 2). We deter-
mined statistically significant differences existed between
the four region types for all diseases, warranting post hoc
analyses using the Kruskal-Wallis test on the prevalence
percentages of RUCA groups (online supplemental
STable 3). The biggest geographical differences in prev-
alence ratios were (1) metropolitan to rural for SCD at
3.54:1, (2) small town to rural for TA at 3.5:1 and (3)
metropolitan to rural for MNGIE at 2.25:1. Overall, the
rural RUCA appeared to have a lower prevalence of RDs
than other areas.

The implementation of pairwise Mann-Whitney tests
for each RUCA combination within each RD revealed
statistically significant differences for all pairs except for
five: (1) CF small town and micropolitan, (2) TA small
town and micropolitan, (3) BD small town and micro-
politan, (4) MNGIE small town and micropolitan and
(5) MNGIE small town and rural (online supplemental
STable 4).

Estimations of total cost of RDs

The average CPP for each of the 14 RDs was higher than
the control group, consisting of patients without RDs
who had wellness visits (current procedural terminology
(CPT) codes 90750,90751,90752 or 90754) (table 1). The
costs varied widely across RDs, with CF having the highest
average CPP, followed by urea cycle disorder (UCD),
Lennox Gastaut syndrome (LGS) and MNGIE. EOE had
avery similar CPP to the control population (table 1) and
the highest prevalence in the HCCI data (figure 2A). The
breakdown of total cost by claim type revealed that CF
had the highest percentage of the total cost attributed to
pharmacy claims at 59%, while pharmacy was the smallest
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(A) Prevalence of RD patients across the U.S. based on HCCI commercial claims data 2016-2020. Eosinophilic

esophagitis (0.064%) was the most prevalent, and mitochondrial neurogastrointestinal encephalopathy (0.001%) was the least
prevalent in the HCCI population among the 14 RDs investigated in this study. (B) Estimated RD prevalence from different
sources, including the National Center for Advancing Translational Sciences (NCATS), Oregon Health and Science University
(OHSU), medical literature/public data sources (Med Lit), and Health Care Cost Institute (HCCI). HCCI was used as the source
of analysis in this study, and the remaining values were from Tisdale et al.®

component of total costs for most other RDs (online
supplemental SFigure 1). UCD had the highest inpatient
cost component; focal and segmental glomerulosclerosis
(FSGS) had the highest outpatient cost component, and
MD had the highest physician cost component. All RDs,
except EOE, had higher inpatient costs than the control
group, and physician costs were slightly lower than those
of the control group (online supplemental SFigure 1).

K-means clustering

For each disease, even with the cost variance among RDs
shown earlier, there was always one distinct group, Cluster
5 (see online supplemental file 1). In half of the RDs,
Cluster 5 made up the smallest portion of the patient
population. In the other half, Cluster 5 was a slightly
larger percentage of the patient population but never

Table 1 Total costs, number of patients and CPP for each RD (2016-2020)

RD Total cost Number of patients* CPP
Cystic fibrosis $3451710078 13965 $247169
Eosinophilic esophagitis $2603832169 75208 $34622
Urea cycle disorder $2157781586 9005 $239620
Sickle cell disease $1208443938 18054 $66 935
Muscular dystrophy $1082608223 11692 $92594
Pheochromocytoma $923341746 12626 $73130
Focal and segmental glomerulosclerosis $824118245 7847 $105023
Lennox Gastaut syndrome $702306659 3114 $225532
Charcot Marie tooth $681 625766 11497 $59287
Hereditary haemorrhagic telangiectasia $223485801 3682 $60697
Mitochondrial neurogastrointestinal encephalopathy $203847961 1116 $182659
Osteogenesis imperfecta $181155862 3167 $57201
Batten disease $178950413 1704 $105018
Takayasu’s arteritis $133058568 1264 $105268
All RDs $14 320352563 170472 $84004
Control $23483336297 695463 $33766

Total cost is the sum of all costs (inpatient, outpatient, physician and pharmacy) of patients diagnosed with that RD. All RDs show the

aggregated values for unique individuals diagnosed with RD.
*Patients diagnosed with the RD.
CPP, cost per patient; RD, rare disease.
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Figure 3 Distribution of (A) the natural log of total costs, and (B) claim counts of all 3372 cystic fibrosis patients with at least

one claim record before and after starting lvacaftor.

the largest (online supplemental STable 5). It contained
the patients with the highest total costs, the most claims
and the smallest amount of time between claims. We
anticipated that some patients, perhaps those in need of
critical care, would have a high utilisation of healthcare
resources. Our findings validated this expectation and
suggested that the remaining groups may have had some
unique, discernible qualities as well.

Treatment modification effect

Cystic fibrosis

Ivacaftor is a disease-modifying therapy for patients with
CF with particular mutations in the CF transmembrane
conductance regulator (CFIR) gene (primarily the
GbH51D mutation), which accounts for 4%-5% of all cases
of CE.*** Prior to initiating treatment with ivacaftor, the
physician must confirm that the patient has one or more
mutations in their CFTR gene, as well as adequate organ
health and function to safely use this medication.

For the first CF subset cohort of 3372 patients, total
claim counts and costs for these patients were higher after
ivacaftor initialisation for all claim types except inpatient
(figure 3A,B). The caveat here was that for CF, inpatient
cost makes up 24% of total cost versus 17% of outpatient

and physician combined (online supplemental SFigure
1).

To further examine this increase, a cost breakdown by
yearly intervals before and after treatment commence-
ment was performed, revealing similar non-pharmacy
costs for most years except for the year before and the
year after, during which there was a sizeable dip and
spike in costs, respectively (online supplemental SFigure
2). These aberrations may be due to the clinical course
of ivacaftor prescription. In the last year prior to the
ivacaftor prescription, the patients’ clinical care teams
could have learnt enough regarding a patient’s condition
to perform more targeted tests than before, resulting in
reduced non-pharmacy costs.

In the second subset of the CF cohort, we examined
the 1375 patients with more extensive histories of claims
before and after the initial medication prescription
(figure 4A,B). Analysis of total, pharmacy only and non-
pharmacy claims showed statistically significant differ-
ences before and after for both the number of claims
per year and the cost per year (online supplemental
STable 6). As compared with the previous cohort, the
non-pharmacy claims decreased in both count and cost
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Figure 4 Distribution of the difference in (A) frequency of claims and (B) normalized costs by year between before and after
using Ivacaftor. Only CF patients who have records of at least 90 days before and after taking this medication were considered

in this analysis. The total number of patients is 1375.

by about four claims a year and $6600 a year, respectively.
These decreases were not enough; however, compared
with the increases in pharmacy claims and costs, they
were about $256700 more per year than before treat-
ment. Additional analyses of other RDs showed similar
trends with increased pharmacy costs.

DISCUSSION

This analysis builds on the previous pilot study by Tisdale
et aP and expands upon it by using a different HCS data-
base, HCCI and determining the prevalence and costs
of RDs, patient clusters and the effect of treatment on
costs and claim counts. These data allow researchers,
physicians and policymakers to understand the overall
impact of RDs on this employer-sponsored insurance
(ESI) patient population. The information may provide
actionable data to examine cost, improve management of
RDs, initiate clinical trials and provide opportunities for
machine learning for timely diagnosis of RDs.

Prevalence

In this study, we analysed 14 diverse RDs in the HCCI
database for prevalence, costs and patient clusters. We
used ICD-10 and CPT codes to identify members with
the 14 selected RDs and determine the prevalence rates
in this population. We demonstrated that reliable prev-
alence rates of RDs are difficult to determine as they
are highly variable across databases. Several factors may
contribute to this variability in prevalence estimates,
including missing ICD codes and the characteristics of
patient populations.

The data were stratified geographically by state. Prev-
alence rates in the various states showed no remarkable
patterns, further demonstrating the dispersive nature of
these diseases. Additional delineation based on zip code
to assess rural versus urban populations revealed, as antic-
ipated, that there is generally a lower prevalence in rural
locales. This may be a result of potentially fewer health-
care resources, including facilities and specialty physi-
cians, in rural areas. It could lead to patients relocating
to more populated and resource-dense areas, prolong

their diagnostic journey and make it harder to receive
an accurate RD diagnosis. Additionally, the proportion of
total rural workers who have ESI instead of other insur-
ance plans is typically lower than the proportion of urban
workers.” Patients with RD, in general, may be less likely
to have ESI, skewing the prevalence estimate for rural
areas. The prevalence of RUCA might vary due to several
underlying factors. The dominantly significant differ-
ences found by the pairwise Mann-Whitney tests support
the need to investigate further what may be leading to
these variances. Exploring cost differences by RUCA may
provide more insight into whether the prevalence rates
truly represent the populations.

Costs

Costs for the 14 selected RDs varied widely, with EOE
showing similarities to the control group costs. One
possible explanation for the similar costs among patients
with EOE may be due to a lack of treatment options or
simpler disease management. Other RDs had signifi-
cantly higher costs, with some higher claim-type propor-
tions explained by specific disease needs, such as high
pharmacy costs for CF due to new and costly drug ther-
apies. Inpatient costs for patients with UCD may be due
to frequent dialysis services. Further investigation is
needed to determine whether these types of procedures
are driving high inpatient costs and whether they can be
safely moved to outpatient settings to reduce the costs
and burden associated with overnight stays. Exploring
specific high-cost procedures for each RD could also
yield improvements to quality of life or life-saving or cost-
saving opportunities.

Clustering

In the cluster analysis, five clusters were produced using
total cost, number of claims and time between claims,
which were mostly similar across all 14 RDs, indicating
the existence of subpopulations that require further
exploration using other patient or cohort characteristics.
For instance, Group 5 for all RDs may indicate a specific
geographical area and age combination, implying easier
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access to specialty hospitals, clinics and physicians in
metropolitan areas. Further investigation is needed to
determine which factors differentiate these clusters.
Refinement of the clustering and expansion of the
feature space could lead to the discovery of more specific
subpopulation clusters composed of patient charac-
teristic combinations not previously considered. Addi-
tionally, clustering should be performed on the control
population to determine if the five consistent clusters
found for all RDs apply to all patients in the HCCI data.

Treatment modification effects

When patients with CF began treatment with ivacaftor,
as expected, pharmacy costs increased. We did not antic-
ipate outpatient and physician costs to increase as well.
However, managing medications for patients with CF,
particularly patients with CF on ivacaftor, requires close
monitoring. Patients generally undergo increased labora-
tory testing and physician visits, leading to increased non-
pharmacy costs. Additionally, the prescription is filled 13
times per year as the drug is packaged in 28-day supplies,
which leads to a higher frequency of pharmacy claims.
Once stabilised, non-pharmacy costs and claim frequency
decline. Without these drugs, patients are more prone
to infections, likely resulting in poor quality of life and
outcomes.”

Limitations

Missing ICD-10 codes is one source for the undercalcula-
tion of prevalence rates. Over half of all RDs do not have
an ICD-10 Code,26 which is used for medical documen-
tation and billing purposes. In some cases, researchers
can use other criteria to identify patients with an RD, but
this is not always possible.” Another source for variable
prevalence data is the patient population in the health-
care database. RDs have a high burden of cost and can
hinder daily life and the ability to maintain employment.
Many patients living with RDs may transition their health
insurance to Medicaid in full or with supplementary care.
The HCCI Database covers ESI only, and therefore the
members with RDs may be lower than seen in the general
population. This was demonstrated by Tisdale et af with
the NCATS database that included Florida Medicaid
patients, which was enriched with members diagnosed
with RDs.

CONCLUSIONS

We successfully demonstrated the feasibility of searching
HCS databases to gather valuable information on
patients with RD and their characteristics, as well as RD
costs. Future studies will continue to expand on these
processes and analyses and will allow us to explore the use
of machine learning tools to diagnose RDs more quickly.
However, RD research faces challenges, and there are
several limitations that we must overcome. Many RDs lack
ICD or CPT codes. This lack of coding, imprecise coding
and a limited number of patients impacted by each of
these diverse ailments all contribute to the difficulty

in identifying patients with RD in data enclaves, esti-
mating the true prevalence of RDs in each population
and measuring the impact they have on the patients and
HCS. Additional considerations are standardisation of
data elements across databases, solutions for ethical and
privacy considerations and methods for connecting large
databases or conducting analyses with multiple databases
to achieve a more diverse and representative popula-
tion cohort.?” Improving HCS data, increasing research,
educating physicians and expanding drug development
will ultimately lead to faster diagnoses, better manage-
ment of care, and an improved quality of life for those
affected by RDs.
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