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Abstract With a movement toward an open data-driven approach, governments
worldwide are releasing public data in an effort to increase transparency. Despite the
availability of this data, many factors make it difficult for anyone to extract knowledge
from it. The relationship between seniority and performance is a controversial issue in
many fields; using an open and reproducible framework, we investigate the relationship
in open healthcare data. Using data from the Center for Medicare and Medicaid
Services covering 895,000 practitioners and 3000 hospitals, weak but statistically
significant correlations between graduation year, a proxy for seniority, and the hospital
value-based performance score were found in 29 of 74 specialties (Spearman rank
correlation values < 0.164, p value < 0.05). This result represents 7% of US healthcare
practitioners and over 75% of medical practitioners in several specialties. With 5 years
of data (2009–2014) from the New York Statewide Planning and Research Cooperative
System (SPARCS), we found weak but statistically significant correlations between
graduation year and cardiac surgery outcome measures (Spearman rank correlation
value − 0.096, p value < 0.0005). An unsupervised clustering K-means-based algorithm
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for finding outliers was also applied to these datasets. It captured a unique trend in the
number of nurse practitioners which was increasing rapidly since 2010. It also revealed
consistencies in practitioner placement throughout hospitals. Our findings suggest that
the training of healthcare professionals appears to be robust and positions them for
long-lasting and consistent careers across the majority of specialties.

Keywords Hospitals . Information dissemination .Medicare . Surgeons . Nurse
practitioners

1 Introduction and Motivation

It is paramount to quantify and measure health outcome as this leads to improved care
delivery, cost reduction, and efficiency [1]. This has led to large-scale data-driven
approaches in health at both the individual and national levels [2]. Individuals use a
wide variety of personal monitoring devices such as fitness trackers to measure
variables that impact health [3]. Many government institutions worldwide are moving
toward open data and transparency. The Center for Medicare and Medicaid Services
(CMS) in the USA releases data continually about the performance of hospitals
nationwide (https://data.medicare.gov/Physician-Compare/National-Downloadable-
File/s63f-csi6) [4]. Pharmaceutical companies release data to the public, through
initiatives such as the Yale University YODA project [5]. Rao et al. review benefits
provided by this open data movement for healthcare [6].

Such data-driven and transparency approaches to medical costs have dramatically
reduced medical spending in the California Public Employees’ Retirement System [7].
The article [7] observes, BIt requires patients to have ready access to comprehensible price
and quality information. Such transparency is not commonplace. Even when this infor-
mation is available, consumers with cognitive impairments, or who are overwhelmed
with illness and other demands would have trouble making the best use of it.^

This paper focuses on publicly available data as large amounts of public data already
exist, and value remains to be extracted therefrom. Leveraging publicly available data
allows analyses to be easily replicated and expanded by researchers worldwide. This
should spur innovation [8] in the field of healthcare data analytics. Johnson [9] indicates
that in addition to making data available, it is also important to run code consistently,
thereby enabling end-to-end reproducibility of analysis. Johnson [9] and Paul [8]
recommend that making code open source is a promising direction to ameliorate the
lack of reproducibility in scientific research, where more than 70% of researchers have
been unable to reproduce another scientist’s experiments [10]. The code used in this
paper is available freely through an open source repository on Github [11].

A major challenge in extracting value from existing data lies in being able to
organize and integrate the numerous datasets scattered across multiple federal and state
level agencies in the USA. CMS provides data about healthcare providers and hospital
ratings (https://data.medicare.gov/Physician-Compare/National-Downloadable-
File/s63f-csi6) [4], the Center for Disease Control has data about disease incidence
[12], the New York State SPARCS initiative [13] has data about patient discharges in
NY State, and the New York State Department of Education [14] has information about
graduation records for providers. The current paper describes a viable approach to
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combine information from multiple datasets, which is utilized to answer specific
questions about the relationship between seniority of practitioners and performance,
and understands trends in graduation rates. This research is also timely as there are
several organizations including the NIH [15, 16], the Robert Wood Johnson Foundation
[17], and the Russell Sage Foundation [18] that are offering grants to support the
analysis of existing healthcare datasets and novel methods to analyze and interpret such
data. Clearly, we are awash in data.

In a systematic review, Fung et al. [19] observed that a lack of transparent, explicit,
data-driven performance measurement and feedback mechanisms for healthcare pro-
viders contributes to deficiencies in the delivery of effective safe and patient-centered
care. The Institute of Medicine (IOM) has also identified these same areas as essential
for a well-functioning healthcare system. The data continuously released by the CMS
(https://data.medicare.gov/Physician-Compare/National-Downloadable-File/s63f-csi6)
[4] is a step in the right direction, as it includes measures of hospital performance.

The availability of public healthcare data provides opportunities to tackle a wide
range of interesting and relevant questions, such as the relationship between physician
spending and outcomes [20], the effect of price transparency on consumer health
choices [21], or the nature of the workforce in the healthcare industry [22]. Since these
are broad research areas in themselves, we restrict the scope of the current paper to
important questions concerning the relationship between age and performance and
trends in graduation across medical specialties. There are professions with mandatory
retirement ages. The Federal Aviation Administration has mandated a retirement age of
65 for air traffic controllers and pilots (https://www.faa.gov/other_visit/
aviation_industry/airline_operators/airline_safety/info/all_infos/media/age65_qa.pdf).
One of the grounds for this rule is that physical and mental skill may decline
significantly after age 65. It has been difficult to create such a rule for healthcare
professionals as the link between age and performance has not been well established.

The application of big data analytics [2] to open healthcare data provides a novel
opportunity for exploring these relationships between seniority and performance in
healthcare practitioners. This is important as it could provide comparative evidence of
the correlation between seniority and performance through public reporting. This work
can also have an impact on patient safety and patient centeredness, particularly about
individual providers and practices. Analyzing and releasing performance data may
stimulate quality improvement activity at the hospital level particularly among surgical
specialties. This contributes to transparency of the healthcare system and informs
consumers of healthcare. Whether provider age is associated with patient outcomes
remains largely unknown. It is possible for providers’ skills to become outdated with
advances in scientific knowledge and technology and changes in clinical guidelines.

The relationship between the age of medical professionals and the quality of care
and outcomes is controversial and is receiving increasing attention. On the one hand,
researchers such as Choudhry et al. [23] observed an inverse relationship between the
number of years that a provider has practiced and the quality of care provided. They
reported that older physicians have decreased clinical knowledge, adhere less often to
standards of appropriate treatment, and perform worse on process measures of quality
with respect to diagnose, screening, and preventive care. They suggested methods to
overcome this problem such as continuing professional medical education. Neumayer
et al. [24] also showed age-related decline in surgical performance. Jena et al. [25]
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showed that mortality rates for cardiac patients decreased when senior cardiologists
were away for the National Cardiology Meeting in the USA. Schenarts [26] surveyed a
growing literature showing that more experienced physicians and surgeons produce
paradoxically worse clinical outcomes. Anderson et al. [27] showed that outcomes
produced by very senior surgeons (60–80 years old) were associated with higher
morbidity and mortality.

On the other hand, we could expect more experienced practitioners to provide better
care. McAlister [28] did not find a negative association between physician experience
and outcomes. This may depend on the specialty. Li et al. [29] determined that patients
treated by junior and intermediate emergency physicians in emergency departments had
higher mortality as compared with senior emergency physicians. A total of 59 physi-
cians were studied.

Other observations have shown that the seniority of providers does not affect patient
outcomes. Cunningham et al. [30] measured patient outcomes delivered by three
categories of surgeons based on differing levels of seniority. They tracked 278 patients
found no statistically significant difference in patient outcomes. An analysis by Waljee
et al. [31] showed that for most surgical procedures, surgeon age did not predict
operative risk.

The use of data at the national level can address issues of small sample size, disease,
or specialty scope. This provides a novel approach to investigate whether physician age
is associated with patient outcomes.

Tsugawa et al. [32] conducted a study which showed that the adjusted 30-day
mortality rate of patients increased with the age of the physician, with a sharp rise in
mortality when the age of the provider was greater than 60 years of age. The findings of
Tsuguwa et al. [32] have policy implications regarding the importance of patient
outcomes as one component of an assessment of how provider practices change over
a career. Melville [33] notes that though age-based assessments of provider competency
is a very controversial subject, an ever increasing number of providers continue
working well into older age. Age-related changes including declines in visuospatial
skill or manual dexterity may have an impact on their ability to practice, particularly in
surgical specialties.

Efforts at mandatory self-assessment in medicine have not fared well. Some hospi-
tals such as Stanford Hospital and Clinics require physicians older than 75 years of age
to undergo peer evaluation of clinical performance and other testing every 2 years. A
key argument favoring age-related assessment is that those with cognitive decline or
mild cognitive impairment may fail to recognize or be willing to act on their own
decline as shown by Davis et al. [34]. This suggests that physicians have a limited
ability to accurately self assess. The processes currently used to undertake professional
development and evaluate competence may need to focus more on external assessment,
which highlights the importance of applying big data analytics to examine the corre-
lation between seniority and performance since it impacts patient outcomes.

Kupfer [35] showed that many studies are limited by small sample sizes. This
suggests that a national big-data approach has the potential to overcome such limita-
tions. The presence of such seemingly conflicting studies indicates evidence of the need
to synthetize significant findings from research in a user friendly and readily available
manner that can be used by providers to provide higher quality of care and achieve
better outcomes for patients.
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In summary, the presence of age-related cognitive decline in humans [36] suggests
that performance scores should decline with increasing seniority. This is countered by
the observation that experienced practitioners could provide better care (McAlister [28],
Li et al. [29]).

Hence, a specific research question addressed in this paper is the controversy in the
medical field about the relationship between age and seniority level of providers
performing different procedures on the patients and outcomes [31, 33, 35, 36].

A related question concerns the patterns among the seniority levels of different
providers. What are the similarities and differences in graduation trends among differ-
ent medical disciplines? This question is important because it provides evidence that
helps guide capacity planning for providers required in different specialty areas. For
instance, Meagher [37] published a paper in 2016 that reviews data compiled by the
American Hospital Association in 2011, and showed that general surgery is one of the
specialties predicted to have the largest projected shortfalls by 2020. It would be
interesting to find other specialties similar to general surgery that have similar short-
falls, and to be able to identify them through automatic clustering techniques. Further-
more, we can see that it takes several years for such data to be compiled and analyzed,
as there was a lag of 5 years in the case of Meagher’s study [37]. The availability of
public healthcare data offers a faster route to perform similar analysis, to perform it with
less time lag, and automatically re-run the analysis on a quarterly basis, as new data are
released every quarter by the CMS office (https://data.medicare.gov/Physician-
Compare/National-Downloadable-File/s63f-csi6) [4].

Once we gather the graduation years of providers (https://data.medicare.
gov/Physician-Compare/National-Downloadable-File/s63f-csi6) [4], we can leverage
this information to investigate additional questions. For instance, understanding
which healthcare specialties are similar in terms of graduation trends can help
educational institutions better prepare for serving fast-growing specialties such as
nursing, nurse practitioners (NPs), and physical therapists. Groups of similar specialties
can be identified through automatic cluster analysis techniques, and such groups can be
utilized for curricular integration, which is an important strategy that educational
institutions can deploy [38].

Accordingly, we formulate the following research objectives:

1. To investigate the relationship between seniority and performance in the CMS
dataset (https://data.medicare.gov/Physician-Compare/National-Downloadable-
File/s63f-csi6) [4]

2. To investigate the relationship between cardiac surgery outcomes and surgeon
seniority in the New York State SPARCS dataset [10]

3. To determine patterns and trends in the graduation of practitioners across all the
specialties in the CMS dataset

2 Related Work

We present a framework that can analyze large public healthcare datasets released by
CMS [4] and New York State SPARCS [10, 39]. We integrate multiple data sources
from disparate government agencies at the federal and state levels in order to answer
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specific research questions. In the current paper, we demonstrate the detailed use of four
different data sources, though our approach and framework can be generalized to
multiple sources. We use different techniques including outlier detection to identify
problems in the public healthcare datasets. For instance, the graduation years of a few
providers in the CMS (https://data.medicare.gov/Physician-Compare/National-
Downloadable-File/s63f-csi6) [4] data were well beyond the life expectancy of
current providers.

Bullinger et al. [40] support an open innovation ecosystem for healthcare, where
contributions can be made by multiple segments of society, including patients, care
givers, healthcare providers/practitioners, family members, and the interested public.
Patients and the interested public need to understand how government healthcare
expenditure impacts public health and can play an important role by being vigilant
about available options. Important questions include the following: Where is the money
being spent? What do procedures cost? Where are the inefficiencies in the system? Is
improvement in patient outcome commensurate with expenditure? Where can a patient
go to find affordable care for a specific condition? Are all practitioners providing the
same level of quality of care? There are many challenges to overcome before such
questions can be tackled. Healthcare systems are usually proprietary, siloed, and have
little interoperability [15]. Open systems and architectures would lead to cooperation,
improvement of interoperability, transparency, and increased innovation among
healthcare players [41]. Safran et al. [42] recognize the importance of educating the
public in the use of aggregated personal health information. For instance, Rosenkratz
[43] studied the availability and accuracy of price and performance information of
radiology practices on public websites, and found that performance information usually
presented is not of adequate clinical quality. An increasing number of researchers are
applying machine learning and advanced analytic techniques to interpret healthcare
data [44, 45].

There is a high degree of consensus among several organizations, such as the
American Association of Colleges of Nursing (AACN) and the Institute of Medicine
(IOM) on enhancing interdisciplinary partnerships that can help healthcare providers
and organizations to build and operationalize Ba culture of health.^ This will require
substantive shifts in current approaches and delivery systems beyond the patient and
provider. The IOM report [46] calls for nurses to partner with physicians and other
healthcare professionals to redesign healthcare in the USA. Cost-effective coordinated
care is already provided in multiple settings by NPs [47, 48]. Yet, these contributions
are not fully recognized by policymakers and government, which continue to subject
NPs to outdated laws requiring a collaborating physician. The state of New Jersey
utilizes this outdated regulation to require that NPs practice with a joint protocol with a
collaborating physician, N.J.A.C 13:37-6.3 (NJ Board of Nursing [49]). Such laws limit
effective workforce planning. Better workforce planning management and an improved
information infrastructure are necessary for collecting and analyzing workforce data for
the US healthcare system to prepare for the provision of primary care for the 72 million
Americans that will be 65 and older by 2030 [68] and the 30–34 million newly insured
Americans after the inception of the Affordable Care Act (ACA).

Systematic assessment and projection of workforce requirements by role, skill mix,
region, and demographics are required to inform changes in practice, policy, and
education. The 2010 ACA [50, 51] supports research that compares the clinical
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effectiveness of health treatments, the creation of a national healthcare workforce, and
systematic monitoring of the supply of healthcare workers across professions. Since the
new US administration in 2017 calls for a repeal and replacement of the ACA, more
than ever a review of available healthcare data can help develop methods to predict
workforce needs and inform the most effective method to replace or complement the
ACA. An example is the re-structuring of the ACAwith a system such as Medicare-for-
all that partners NPs with other healthcare professionals to coordinate and provide
primary care. This requires coordinated data collection on the healthcare workforce at
the state and regional levels. Data collected must be timely and publicly available to
ensure a healthcare system which provides seamless, affordable, quality care that is
accessible to all.

This creates a unique opportunity to utilize a data integration model to identify and
report on systematic variation in aggregate outcomes. The Kaiser Foundation [22] calls
for the use of data-intensive techniques to fully understand the impact of current
healthcare laws in the USA on vulnerable populations.

The techniques provided in our current paper provide a methodology to make the
analysis of healthcare data accessible to a wider pool of researchers, and dovetails with
the principles embodied in the 2010 ACA. Data can be collected and analyzed from
multiple perspectives, including cost metrics, timeliness of service, and outcomes. The
free availability of data analytic platforms like the one in this paper [8] will facilitate the
exploration and interpretation of healthcare datasets by patient advocacy groups and
concerned citizens.

3 System Design and Approach

Our original data analysis framework [4], shown in Fig. 1 consisted of the following
steps: data cleansing/ETL, data joining, feature engineering, clustering classification
and prediction, visualization of results, interpretation, and reporting.

The framework builds on existing open source Python components, including
Pandas, SciPy, Scikit-Learn, and Matplotlib [52]. Python Pandas is popular for big-
data analytics in finance [53], but not in the healthcare industry. Python Pandas is
advantageous as it integrates tabular and statistical modeling while interfacing with a
visualization and plotting package via Matplotlib. The current research shows that
Python Pandas is readily applicable to healthcare datasets.

The SciPy toolkit, popular in physics [54] and finance [55], permits rapid explora-
tion of datasets and algorithms. The Scikit-Learn Python library [56] provides advanced
machine-learning capabilities including clustering, classification, and prediction.
Matplotlib and Graphviz provide visualization capabilities. Figure 2 contains a sche-
matic of the different Python modules used.

To improve querying speeds, the cleaned datasets were migrated from CSV files to a
MySQL database. This facilitates database operations, given the size of the datasets,
which is in the range of several gigabytes. It also provides a transparent way to access
the data sets in the scripts. The reader can view sample code to perform these operations
in our open source repository on Github [11].

The key innovation in our research is to present an end-to-end solution that can start
with the raw data sources, join them, run the analytics procedures, and answers
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interesting research questions. Our solution is based on open-source software, and the
entire analytics pipeline has been tested with public healthcare datasets, and made
available freely. This makes our work replicable by other researchers, who can also
modify and enhance our existing analytics pipeline. An important feature of our
solution involves the use of Python-based Jupyter Notebooks [54], which has been
proposed as a way to overcome the lack of reproducibility in medical studies [9]. Our
code has been released in the form of Jupyter Notebooks, which allows other re-
searchers to view the code and reproduce the results in the current paper within a single
software environment.

Fig. 2 The Python ecosystem used to perform the analytics in the current paper

Fig. 1 Data Analysis Framework
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4 Methods

Two sources of public health data were used, consisting of CMS data and New York
SPARCS data. Since the CMS data does not contain information about outcomes
delivered by individual practitioners, New York SPARCS data was used, which
contains cardiac surgery outcomes by surgeon. This data serves to illustrate the
recommended analytic procedure. The current paper extends previously reported results
in [45] .

4.1 CMS Data

CMS data (https://data.medicare.gov/Physician-Compare/National-Downloadable-
File/s63f-csi6) [4] was processed using the pipeline in Fig. 1. Several errors in the
CMS data were identified including data entry errors [57]. These rows were eliminated,
and we verified that this elimination does not adversely affect our analysis and
conclusion.

CMS data that resides in the following files were joined.

1. A file containing the hospital id and physician information: https://data.medicare.
gov/Physician-Compare/National-Downloadable-File/s63f-csi6, henceforth
referred to as BNational-Downloadable-Physician-Compare^. Sample data is
shown in Figure 12 (in Supplementary Material).

2. A file containing the hospital id and hospital performance metrics which includes
the weighted clinical process of care domain score, weighted patient experience of
care domain score, weighted outcome domain score, and total performance score
http://www.medicare.gov/hospitalcompare/data/total-performance-scores.html.
Sample data is shown in Figure 13 (in Supplementary Material). The description
and interpretation of these fields is presented within this website.

The CMS office uses a standardized procedure (https://data.medicare.gov/Physician-
Compare/National-Downloadable-File/s63f-csi6) [4] to evaluate hospitals across the
USA, based on the outcomes for Medicare/Medicaid patients. There are four compo-
nents or domains that yield the final BTotal Performance Score^ and consist of the
following: (1) clinical care domain comprised of process and outcomes subdomains, (2)
patient- and caregiver-centered experience of care/care coordination domain, (3) safety
domain, and (4) efficiency and cost reduction domain.

& The clinical care domain is comprised of clinical process measures and measured
mortality.

& The patient-and caregiver centered experience of care/care coordination domain is
derived from patient surveys.

& The safety domain contains a patient safety measure and measures of infections
& The efficiency and cost reduction domain contains a measure of the Medicare

spending per beneficiary

These measures are weighted according to a formula devised by the CMS office.
Though these measures are authoritative, in that, they are released by the federal
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government, there is an effort to constantly improve them. For instance, the information
derived from patient surveys could be biased. It is likely that patients with the best or
worst experiences may be more likely to complete these surveys. Some of the survey
questions are prefixed with BAlways,^ which may make it hard for patients to register
an appropriate response. The creation and validity of these performance measures is a
subject of active research and debate [58] and falls outside the scope of the current
paper.

Press [59] reviews several factors that need to be taken into account in defining
performance measures, including process measures that occur prior to and during the
care, applying appropriate risk adjustments. This is followed by patient satisfaction
measures and outcome measures including the occurrence of adverse events. The
relationships between different metrics continues to be explored. For instance, Kernisan
[60] determined that there was no association between a hospital’s self-reported safe
practices survey score and risk-adjusted patient mortality. Leonardi [61] compared
different websites that contained hospital performance data, and found the CMS
Hospital Compare website to be the most transparent in terms of explaining data
sources and statistical methods that allow their exact results to be duplicated.

Consequently, we choose to use Bas-is^ the federally approved measures in the CMS
database. Data from 895,431 unique practitioners in Figure 12 was joined with data
from 3089 unique hospitals in Figure 13. To this joined data, correlation and regression
analysis was applied, available in Python Scikit.

4.2 Data from New York Sparcs and New York State Education Department

The NY State SPARCs program contains detailed information about cardiac surgery
outcomes, including the physician ID for cardiac surgeons and the risk-adjusted
outcome for their patients. The New York State Education department website [14]
contains data about the physician ID, specialty, and year of graduation, which is a proxy
for experience. Note that the Education department’s graduation year information is not
downloadable directly. A custom Python script was written to query the website and
create a repository of graduation year information. Sample data are shown in Figures 14
and 15 (in Supplementary Material). Correlation and regression analysis was applied,
available in Python Scikit.

The K-means clustering algorithm [56], available in Python Scikit-learn was applied
to understand the inherent groupings in the different specialties according to graduation
year distributions. K-means clustering is an unsupervised learning technique which
automatically identifies clusters in data for a given number of clusters, denoted by the
variable K. The value K = 6 was used to find clusters among various specialties. The K-
means clustering algorithm operates on an ensemble of objects, where each object is
described by a feature vector. For instance, an object for the specialty BNURSE
PRACTITIONER^ is described by a feature vector comprising 54 dimensions, where
each dimension consists of the number of nurse practitioners that graduated in a given
year ranging from 1960 to 2014. In other words, the dimension represents a bin with a
width of 1 year. So the 54th dimension of the feature vector is the number of nurse
practitioners that graduated in 2014, as determined by the BGraduation Year^ field in
the CMS database. The feature vector is normalized so that the sum of all the
normalized feature components equals 1.
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The K-means clustering algorithm iteratively groups the feature vectors according to
similarity, so after a given number of iterations, we arrive at a grouping of a pre-
specified number of clusters, say K = 6. Further details about the algorithm can be
found in [62].

The choice of K = 6 is based on an expectation of interpretability. We could have
chosen K to be very small, say 2 or 3, but that would lump together groups that do not
have much in common. On the other hand, if K is very large, say greater than 20, we
would have many small clusters, which would be more difficult to interpret. We use
K = 6 as it offers a reasonable tradeoff between generality and specificity. In our code,
K is a parameter, and researchers are able to experiment with different values of K to
better understand the groups in the data. Due to space restrictions, we have chosen to
focus on the value of K = 6. Our interpretation is not critically dependent on the choice
of this parameter.

Similarly, our choice of 54 dimensions for the feature vector to describe a specialty
is based on the graduation year being a discrete number from 1960 to 2014, consisting
of 54 values. We could have binned the graduation years differently, say choosing 27
dimensions where two consecutive years, say 1960 and 1961 are mapped to the first
bin, the years 1962 and 1963 are mapped to the second bin and so on. We have chosen
to conduct the analysis at the finest level of resolution available in the data, which is
1 year, resulting in 54 dimensions.

5 Results

Results from the analysis of two separate sources, CMS data and New York State
SPARCS are presented.

5.1 CMS Data

Table 1 compares the number of medical practitioners in the current CMS dataset to the
actual number of medical practitioners determined by AAMC [63]. There is remarkably
high coverage in the CMS dataset of the total number of practitioners in USA, and
exceeds 75% for several specialties.

A heatmap is used to explore the relationship between the graduation year and total
performance score for each specialty. This provides a rich description of the variation
between these two dimensions, and helps interpret the correlation coefficient. Figure 16
illustrates the computation and visualization of the heatmaps. The CMS data is
projected onto a 2-dimensional space with the axes consisting of graduation year and
total performance score. The x axis, representing the graduation year is divided into
discrete bins, with one bin for each graduation year, say 1960 or 1961. The y axis,
representing the total performance score is divided into discrete bins, say a bin for total
performance score between 40 and 40.5, and the next bin for total performance score
between 40.5 and 41, and so on. The number of occurrences of data points within each
2-dimensional bin is counted. The count in this 2-dimensional bin is colorized and
represented as a 2-D plot known as a heatmap, as shown in Fig. 3.

Figure 3 shows interesting trends in the number of graduates from years 2006 to
2014 which are further examined in Fig. 4 via projections of the heatmaps. The years
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are shown in different colors. Consider a ratio L for a given year for a given specialty
defined as follows:

L ¼ N1

N
ð1Þ

where N1 is the number of practitioners for the given year and specialty who practice
in a hospital with total performance score lower than the mean total performance score
of 39.6, and N is the total number of practitioners for the given year and specialty. For
each year and specialty, we get a different value of L, which is shown in the inset in
each subplot. A value of L close to 50% indicates that the practitioners for a given year
and specialty are spread evenly across hospitals based on their performance score. If L
is much higher than 50%, it indicates that practitioners are working in hospitals with
lower performance scores.

Figure 5 shows the results of applying linear regression to data that includes the year
of graduation for all medical practitioners versus different hospital metrics provided by
CMS. For instance, the blue dots and the blue line represent the correlation and fit
between the graduation year for a provider and his or her affiliated hospital’s total
performance. Similarly, the green and red dots and lines show the correlation and fit for
other hospital metrics, such as the Bweighted clinical process of care domain score^ and
Btotal performance score.^ Detailed descriptions of these metrics are provided in [4].

Table 2 shows the result of computing the Spearman’s rank correlation coefficient
between the graduation years and total performance score across various specialties.
Spearman’s rank correlation was used as the graduation years were discrete and non-
continuous variables.

The results of applying the K-means clustering algorithm [28] are shown in Figs. 6,
7, and 8. The feature vector for each specialty contains the normalized counts of
practitioners for each graduation year. The K-means clustering is an unsupervised
clustering algorithm, and does not need any training data or specific hints about the
types of clusters to be identified. The only input required is the expected number of
clusters, which was 6. The K-means clustering algorithm identified several interesting
trends which are interpreted in the Discussion section.

Table 1 The column BMedicare count^ shows the number of unique practitioners in the CMS. The column
BAAMC Count^ shows the number of medical practitioners by specialty as determined by the American
Association of Medical Colleges in 2013 [Reference [63]. The column BPercentage covered^ is the percentage
of the AAMC count covered by the current Medicare dataset for the given medical specialties. A few chosen
specialties show that the CMS dataset is representative of more than 75% of all medical graduates for several
specialties

Specialty Medicare count AAMC count Percentage covered

Internal medicine 96,975 111,047 87.33%

Family practice 81,901 108,917 75.20%

Anesthesiology 35,667 40,758 87.51%

Obstetrics/gyn. 31,399 40,826 76.91%
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5.2 Outcomes for Cardiac Surgery from NY SPARCS Data

A detailed list of patient records released by NY SPARCS shows the risk-adjusted
patient outcomes for cardiac surgery. We were able to triangulate information from
another source, the NY State Education department to retrieve information about

Fig. 3 A heatmap showing the relation between graduation year and total performance score. This is for the
specialties consisting of BInternal Medicine,^ BFamily Practice,^ BNurse Practitioner,^ and BCertified Regis-
tered Nurse Anesthetist.^ Practitioners across all hospitals were used. In subplot (a), N = 191,774 refers to the
total number of relationships between internal medicine practitioners and hospitals. Similarly, BMed. Yr^
represents the median graduation year for all internal medicine practitioners across all hospitals, which is 1993.
The colors in the map represent the counts at specific (x,y) locations corresponding to combinations of
(Graduation year, total performance score)
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graduation years for cardiac surgeons. A scatter plot of this data is shown in Fig. 9. The
Spearman’s rank correlation coefficient between risk adjusted mortality rate and grad-
uation year was − 0.096 (p value < 0.0005). This shows that the correlation is very
small.

2. Discussion
Table 2 shows that the Spearman’s rank correlation coefficient is statistically

significant but small for several specialties. Hence, our result indicates that there is
little correlation between the assumed age of a practitioner at a hospital and the

Fig. 4 Trends for recent graduates in the following four specialties: internal medicine, family practice, nurse
practitioner and certified registered nurse anesthetist. The inset in each subplot shows the value of L calculated
according to Eq. 1. There are three calculated values of L, one for each curve shown for the years 2006, 2010,
and 2014. The curves are color-coded in blue, green, and red respectively. For instance, the red curve for
internal medicine practitioners shows that far fewer graduates in 2014 practiced in Medicare-serving hospitals
as compared to the year 2006. The distribution of these graduates was quite even across all hospitals, with
values of L being 49 and 47% respectively. This is similar for family practice. Compared with the red curve for
nurse practitioners shows that far more graduates in 2014 practiced in Medicare-serving hospitals as compared
to the year 2006. The distribution of these graduates may pick up on a trend of NPs filling the gap left open by
internal medicine and family practice quite even across all hospitals, with values of L being 46 and 44%
respectively. Further research in this area utilizing large datasets may have policy, educational, and healthcare
implications in the USA
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performance score of that hospital. There are several issues regarding the estimation of
the relationship between the graduation year and hospital performance. It is possible
that the effects of cognitive decline and improved experience may balance each other
out in larger populations of practitioners. Even if age may affect individual practitioner
performance, this is not reflected at the institutional level. This may because there is a
variety of ages and experience levels of practitioners at each hospital, which confounds
a simple model. Furthermore, the Hospital Total Performance score is an indirect
measure, and already averages the performance of several individual practitioners
and the hospital administration. The Hospital Total Performance score may also depend
on the patient pool, with poorer populations likely to experience worse outcomes
overall.

The median graduation year for internal medicine practitioners, computed from Fig.
3 is 1994. Assuming that the age of a practitioner is 27 upon graduation, this translates
to an estimated median age of 49 for internal medicine practitioners. This agrees with
estimates provided by the AAMC [63]. It can be argued that ultimately what matters to
a hospital is its total performance score, and it is important to consider all factors
impacting this score, including the seniority of practitioners. The analysis in this paper
indicates that seniority is not a significant factor. This is especially striking when this
finding is contrasted with the relationship among seniority and job performance in other
sectors of the economy. The workforce in more successful technology companies is
significantly younger than the workforce in less successful companies [64, 65]. The
median age of Google employees is estimated to be 29 whereas the median age at
Hewlett Packard is estimated to be 41 [64]. The Bureau of Labor Statistics estimates the
overall median age of American workers is 42.3 years old. It appears that in the

Fig. 5 Variation of the different hospital scores used by CMS versus the graduation year of all practitioners
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technology sector, seniority of employees is negatively correlated with the total per-
formance of the companies they work at. It has been estimated that meaningful insights
can be derived from data covering 3% of the American work force [64]. The Kaiser

Fig. 6 The results of applying the K-means cluster analysis on the graduation data. The y axis depicts the
normalized count, which is proportional to the number of graduates for a given specialty for a given year. This
normalization facilitates the comparison of multiple curves
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Foundation [66] estimates that there are 12.4 million healthcare workers in the USA in
2015. Our analysis in the current paper utilizes data for 895,431 healthcare practi-
tioners, which amounts to 7.2%. Table 1 shows that the CMS data covers more than
75% of current practitioners in the entire USA for several specialties. These percentages
are significantly higher than the 3% considered necessary to yield meaningful results
[64].

In order to counter the potential criticism in the reader’s mind that the hospital total
performance score does not reflect individual practitioner performance, the exact same
methodology was applied to cardiac surgery outcome data in the New York SPARCS
database. The graduation year data was obtained from the New York State Education
Department using our custom software. Figure 9 shows that even for specific outcome
data, the Spearman’s rank correlation coefficient is statistically significant but small.

Fig. 6 (continued)
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Fig. 7 The cluster centers for each of the clusters shown earlier

Fig. 8 The cluster centers in a single plot to facilitate comparison and may facilitate interpretation of the data
by stakeholders. For example, cluster no. 2 compared with all other clusters show growth peak in 2010
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This suggests that the seniority of cardiac surgeons determined by graduation year is
not likely to affect surgical outcomes.

The framework in this paper illustrates the types of analytics that can be performed
and the types of questions that can be considered and answered. The power of this
approach consists in utilizing information that is already collected to inform important
decisions in healthcare by combining database operations such as JOIN with com-
mands to perform analytics and visualization of the results all within a single-Python-
based framework. Further analysis can be performed by applying this freely available
framework [11] to more fine-grained data sets.

The current analysis is conducted at a coarse scale of resolution on public data sets
with large sample sizes and provides a new perspective on the debate surrounding the
factors contributing to outcome measurements. These results suggest that hospitals are
well served by the trained healthcare professionals, and changing the seniority mix of
these professionals may be unlikely to result in changes in performance metrics. This is
only one portion of the puzzle in reining in healthcare costs. Furthermore, it is likely
that the rigorous curricula and licensing requirements for healthcare practitioners ensure
that anyone who passes the licensing examination is able to provide quality care to
patients, at the level expected by the CMS office.

Nurse practitioners are the third largest group in the Medicare database. Figures 3
and 4 show few nurse practitioners graduated around the year 1990, followed by
significant growth starting around 2010. It is possible that this trend coincides with
the advent of the 2010 Affordable Care Act. This needs to be verified by independent
analysis of other data sources. This observation highlights the richness of the CMS data
and demonstrates the value of applying the right analytics and visualization techniques.

Figure 4 shows a significant increase in the number of nurse practitioners and nurse
anesthetists as compared to family practice and internal medicine, from 2006 to 2014.
One reason is that there are more enrollees in Nurse Practitioner programs. A second
reason is that nurse practitioners can be deployed immediately after graduation whereas
those in Family Practice or Internal Medicine may take more time to be absorbed into
full practice.

Fig. 9 Scatter plot of risk-adjusted mortality rate versus graduation rate for cardiac surgeons in the NY State
SPARCS dataset
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Figures 6, 7, and 8 demonstrate increasing trends for clusters 2 and 5. Cluster 2
shows an exponential increase and consists of certified registered nurse anesthetist,
nurse practitioner, anesthesiology assistant, and physical therapist. Cluster 5 shows a
linear increase and consists of specialties including clinical psychologist, audiologist,
and clinical nurse specialist. Cluster 1 shows two peaks of graduation, around 1990 and
2005. Clusters 3, 4, and 6 show unimodal distributions, but with different rates of
decline. Clusters 3 and 4 show declines after 2000 at different rates. Cluster 6 shows a
gradual decline starting in 1980, and includes disciplines such as psychiatry and general
practice. These findings have potential policy implications in determining requirements
for future generations of practitioners.

Meagher [37] determined that general surgery is one of the specialties that will have
the largest projected shortfalls by 2020. Based on our analysis, we can see from Fig. 6
that cluster 3 contains several specialties that are related to surgery, such as general
surgery, orthopedic surgery, neurosurgery, vascular surgery, and hand surgery. All of
these specialties share the same characteristics, in that the relative number of graduates
has been declining steadily since 2000. Furthermore, there are other specialties that
share a similar decline, such as diagnostic radiology, geriatric medicine, and pediatric
medicine. The value of this result is that it can be readily reproduced from the available
data in the CMS repository (https://data.medicare.gov/Physician-Compare/National-
Downloadable-File/s63f-csi6) [4] by using our open-source analytics pipeline. Further-
more, the analysis can be easily updated as and when new data becomes available every
quarter. It would be difficult to reproduce the work conducted by Meagher et al. [37]
every quarter, perform it for dozens of specialties and combine all the results in a single
repository.

The healthcare landscape is rapidly changing worldwide, with different disease
patterns, better treatment options, systematic labor force trends, and evolving cost
structures. Accordingly, the curriculum for healthcare providers and public health
professionals needs to keep up with these changes, as noted by Fried et al. [67]. The
results in our current paper show that it is possible to determine systematic patterns in
the healthcare labor force trends through available CMS data (https://data.medicare.
gov/Physician-Compare/National-Downloadable-File/s63f-csi6) [4]. Our analysis
provides a Bbids-eye^ view of the trends in healthcare specialties in the USA through
a single and comprehensive data source. Furthermore, groups of similarly trending
specialties such as nurse practitioner and physical therapy can be utilized for curricular
integration, whereby educational institutions could synergize course offerings [38].

Understanding performance outcome data allows for workforce planning to meet
future demand for primary healthcare services. For example, 72 million Americans will
be 65 and older by 2030, a significant shift in the current demographics of the USA
with an increase in chronic disease and morbidity [68]. The affordable care act (ACA)
expanded healthcare to 30–34 million uninsured Americans, many through federal
Medicaid programs. Selected estimates based on data from the National Health Inter-
view Survey show that the percentage of persons uninsured decreased from 16.0% in
2010 to 9.0% in 2016 (95% confidence interval = 8.43–9.50%) https://www.cdc.
gov/nchs/data/nhis/earlyrelease/Earlyrelease201705_01.pdf.

The public release of healthcare data including cardiac surgery outcomes and
hospital ratings may affect the selection of providers. For example, Mukamel [69]
reported that New York Medicare enrollees were less likely to select a surgeon with
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higher published mortality rates. Similarly, Jha and Epstein [70] reported that the odds
of ceasing practice was statistically higher for surgeons performing in the bottom
quartile.

The framework, approach, and methods in this paper should close the gap between
the availability of public healthcare data and the ability to extract meaning and value
therefrom. Since the presented tools and techniques have open-sourced by the authors
[11], this should spur further analysis, interpretation, and understanding, ultimately
lowering the barriers to conduct such research. The use of iPython Notebooks [54]
makes it easy for other researchers to understand and replicate the presented results.
Python Pandas [53] was released as an open source project in the finance world, and
spurred significant research and innovation therein. The world of healthcare could
benefit by emulating such a model, with the release of open source projects. The
introduction of Electronic Medical Records created challenges such as the lack of inter-
operability between different vendor systems [71]. The wave of the future consists of
greater transparency across all aspects of healthcare, including open health records [72].
This requires a culture change as noted by Friend [8]: BThe ‘medical-industrial
complex’ is not incentivized to share among each other, let alone with patients.^ The
combination of open data sharing as well as code sharing exemplified in the current
paper should further accelerate the pace of research and investigation in the healthcare
arena. The current national outrage in the USA over escalating drug prices [73] only
demonstrates how far we still need to go, as patient advocacy groups appear to be strait-
jacketed by accepting significant funding from the same Bmedical-industrial complex^
[42] that they are supposed to defend patients from. In this context, the current paper
represents a step in the right direction as open access to data and code [11] will lower
barriers to utilizing important healthcare data. A wide audience is reachable by
harnessing the well-documented advantages of open source [74] and utilizing attractive
visualization front-ends [75]. This should help in addressing one of the shortcomings
regarding the public reporting of provider performance, which is the lack of sufficient
engagement by consumers [76].

In the past, only hospitals would benefit from the public release of performance data
[77]. Based on the framework presented in our paper, several groups can benefit from
this information, including educational institutions, policymakers, students interested in
choosing appropriate careers and specialties in healthcare, patients seeking to inform
themselves about healthcare choices, and citizens concerned about the quality of
healthcare.

3. Conclusion
The value of the research presented in this paper lies in the creation of an open

source-toolkit that can be freely used by researchers to explore questions in healthcare
by using voluminous sources of existing data. This toolkit allows researchers to gain a
deeper understanding of trends and relationships among variables that could potentially
affect outcomes in healthcare. The toolkit uses Python, Pandas, SciKit and Matplotlib
for analyzing, visualizing, and interpreting healthcare datasets.

The relationship between seniority of practitioners and the quality of care they provide is
controversial in the healthcare literature. The toolkit was used to analyze data released by
CMS and New York State SPARCS. In the CMS dataset, the relationship between
graduation year of practitioners and total hospital performance score was weak, based on
the Spearman’s rank correlation coefficient. Similarly, the relationship between the seniority
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of cardiac surgeons as measured by their graduation year and risk adjusted mortality rate of
their patients was weak, based on the Spearman’s rank correlation coefficient. These results
are significant because of the large CMS dataset, representing 7% of all US healthcare
workers. These results are different from the norm in other sectors of the economy such as
high-technology, where the workers at highly successful companies tend to be younger than
workers at other companies.

Color heatmaps provided a detailed visual representation of the distribution of practi-
tioners along the dimensions of graduation year and hospital performance score. This
generates a more nuanced view of the correlation scores, and highlights the differences in
population trends over a database of 1.2 million practitioners. An unsupervised clustering of
graduation trends among specialties identified characteristics of seven major groups, includ-
ing specialties such as psychiatry that have a slow decrease of practitioners and specialties
such as Nurse Practitioners that have an exponential increase in the number of practitioners.

These techniques produce promising results and can be used interactively to explore,
analyze, interpret, and visualize large datasets. The application of this technique to data
from multiple sources sheds light on factors and trends that can impact education and
healthcare policy. The free availability of these tools and techniques should prove
valuable to other researchers and software developers in the healthcare arena, and reach
a broader audience. This could serve as a new model for conducting healthcare
research.
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