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Chapter 1. Introduction to
Healthcare Data

A NOTE FOR EARLY RELEASE READERS
With Early Release ebooks, you get books in their earliest form—the
author’s raw and unedited content as they write—so you can take
advantage of these technologies long before the official release of these
titles.

This will be the 1st chapter of the final book. The GitHub repo for this
book is available at https://gitlab.com/andrew-nguyen/hands-on-
healthcare-data.

If you have comments about how we might improve the content and/or
examples in this book, or if you notice missing material within this
chapter, please reach out to the editor at mpotter@oreilly.com.

Healthcare data is an exciting vertical for data science and there are
tremendous opportunities. However, there are also a lot of misconceptions
about working with healthcare data. Those with extensive experience
working in enterprise environments tend to underestimate the complexity,
often comparing healthcare real world data projects to enterprise
integrations. This is not to say that a typical enterprise data project is simple
or easy. One of the major differences is the relation of how and why the
data were captured relative to the actual work being done.

In nearly every industry, the use of data today is a function of engineered
systems. In other words, the majority of the data are generated by software
systems vs. collected and entered by a human. For example, in
advertising/marketing analytics, the data are generated by websites that
track clicks and impressions.

https://gitlab.com/andrew-nguyen/hands-on-healthcare-data
mailto:mpotter@oreilly.com


This chapter will walk you through some of the nuances and complexities
of healthcare data. Much of this complexity is a reflection of the delivery of
healthcare itself — it is just really complicated!

For those with a traditional IT background or who have worked in large
companies dealing with complex data issues, we will start with a little
discussion of the enterprise mindset and how you might frame healthcare
data. After this, we will dive into a broader view of the complexities of
healthcare data. Once this foundation has been set, you will get a broad
overview of common sources of healthcare data.

The Enterprise Mindset
The data science industry has had many successes — both from companies
using data science, as well as creating new data science methods. When
leveraging and using data science, most organizations have the benefit of
following the traditional enterprise mindset. Information and data architects
within the organization can sit down together, discuss the various sources of
data and intended use cases, then craft an overarching information model
and architecture.

Part of this process typically involves getting various stakeholders together
into a single room to agree on how best to define individual nuggets of data
or information. Until recently, this has been the approach that most
companies have taken when trying to build data warehouses. The challenge
in healthcare is that the sources of data operate in disconnected silos. When
a patient enters the healthcare system, they typically do so via their primary
care physician, urgent care, or the emergency department.

Naturally, one might say we should start here in order to create the
information model that will be used to represent healthcare data. After all,
nearly everything else flows downstream from the moment a patient makes
an appointment or shows up to urgent care. Insurance companies or
governments will need to reimburse hospitals for providing care; physicians
will prescribe medications and companion diagnostics from the biopharma
industry.



So, information architects can start by defining the idea of a patient and all
of the associated data elements, such as demographics, medical history, and
medication prescription history. However, there are already potential issues
when defining the idea as “simple” as a patient as one starts to look at the
healthcare industry overall. How does an insurance company think of
patients? At least in the United States, insurance companies typically think
of people as covered lives, not patients. While some may be quick to say
that insurance companies are dehumanizing people and thinking of only
statistics, it largely comes down to the operational aspects of tracking
benefits.

While the person who seeks care is the patient, they may be a beneficiary of
someone else who is not the patient. For example, if a child goes to urgent
care for some stitches after falling at the playground, they are the patient as
far as the clinic is concerned. However, to the insurance company, there are
two people that need to be tracked — the child as well as the parent or
guardian who is the insurance policy holder. The insurance company must
track these two individuals as different people for the claim, though they are
obviously related.

THE POTENTIAL OF GRAPHS
The above example highlights how graphs can be particularly useful when dealing with
complex data. A single claim can be created as a node that is connected to two other
nodes, one each for the child and their parent/guardian.

Even this relatively “simple” example can get very complex and
complicated quickly and there will be similar examples throughout this
book that highlight the hidden complexities of data.

Those who are veterans in the data space will likely see the parallels
between the above discussion and challenges in setting up data warehouses.
While an organization may be united in its overall product, each business
unit or department within the organization may have very different views of
a customer or user. Anecdotally, it can take upwards of 18 months to get all



of the stakeholders to agree on a common understanding of concepts that
make up an organization’s enterprise information architecture.

A relatively new approach that is starting to gain some traction is a data
mesh.  The data mesh approach is not a technological solution or silver
bullet when dealing with increasingly complex data challenges. Instead, it
offers an alternative approach and perspective when designing data
architectures. At the center is the idea of a data product, combining product
thinking with data ownership and governance.

The Complexity of Healthcare Data
Data meshes are just one example of the changing landscape when it comes
to data — there have already been evolutions from databases to data
warehouses to data lakes — and the evolution will continue. This is,
however, an example of the shifting thinking around data, highlighting a
key aspect of healthcare data.

Organizations and their leadership are starting to realize that there is a lot of
potentially useful data that live outside of traditional systems such as the
databases and applications that support sales or manufacturing. As
organizations are struggling to keep up with an increasingly heterogenous
data landscape, ideas such as the data mesh are invented to try and address
shortcomings of existing approaches.

In healthcare, however, these complexities have always been a rate limiting
factor. Administrators are not just starting to see value in data and, as a
result, trying to find scalable and repeatable ways to link data from the
various service lines within a hospital. Nor, are pharmaceutical companies
just realizing that there is a tremendous amount of value in claims data from
a medical affairs perspective.

Consequently, healthcare has been struggling to find ways to bring disparate
data sources together, while still balancing critical issues such as security
and privacy, governance, and (most importantly from the perspective of
data scientists) normalization and harmonization of the data. The chapter on
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Chapter 3 will go into more detail but data scientists typically think of
normalization in the context of statistics or machine learning algorithms
(e.g., min-max scaling, zero mean and unit variance, etc.). While that
definition certainly true and applicable to healthcare data, there is an
additional element of normalization.

Sources of Healthcare Data

Electronic Health Records
When people think about healthcare data, one of the most common sources
that comes to mind is the electronic health record (EHR). You have
probably heard of Epic  or Cerner , two of the most common EHR’s used
in the United States. There are many other commercial EHR vendors as
well as open source projects, some focused on the United States, and others
more internationally. While I will list a few common ones, the main focus
of this section is to provide you with an introduction to the data typically
captured in an EHR and how we need to approach it as data engineers and
data scientists.

Electronic Health Record (EHR) vs. Electronic Medical Record
(EMR)
You may be wondering — what is the difference between an EHR and an
EMR? NextGen, an ambulatory EHR,  differentiates an EMR as a patient’s
record in a single institution and an EHR as a comprehensive record across
multiple sources.  The Office of the National Coordinator of Health IT
(ONCHIT) provides a slightly more specific definition, that an EHR is a
comprehensive record from all of the clinicians involved in a patient’s
care.
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ELECTRONIC HEALTH RECORD (EHR) VS.
ELECTRONIC MEDICAL RECORD (EMR)

You may find various definitions of EHR’s vs. EMR’s out there. One common
distinction is that an EMR is primarily used by clinicians as a replacement for the paper
chart within a single institution; an EHR is a more comprehensive record of a patient
and may include data from multiple sources.

In practice, the industry often uses these terms interchangeably so be sure to clarify
what someone means when they use the term EHR vs. EMR.

Throughout this book, I will use the term EHR to mean a patient’s clinical record from
one or more sources, but will also highlight situations if more specificity is needed

Despite this distinction, it has been my experience that the terms are used
interchangeably to mean the same thing. As I will continue to mention over
and over (especially in Chapter 3), it is important to make sure that
everyone is using the same definition. In this case, when you are discussing
EHR’s or EMR’s, be sure to clarify if you are discussing records from a
single insitution or from multiple institutions. Throughout this book, I will
use the term EHR to mean a patient’s clinical record from one or more
sources, but will also highlight situations more specificity be necessary.

EHR’s and Data Harmonization
If I had to choose a single theme to describe this book, it would be this idea
of data harmonization. Data harmonization and interoperability are closely
related and often used interchangeably. In this book, I use interoperability
to describe the sharing of healthcare data from a transactional perspective.
In other words, how can we share data about a patient as part of the patient
journey or care process. For example, when a patient is admitted to the
Emergency Department, how do we transfer information about their visit
back to their primary care physician? Or, if the patient is referred to a
specialist, how is their data sent to their new physician?



Figure 1-1. Interoperability vs. Harmonization

On the other hand, I use data harmonization to refer to the process of
integrating data from multiple sources in such a way that as much of the
underlying context is preserved and meaning of the data is normalized
across different datasets. For example, as a pharmaceutical company, I may
want to combine a claims dataset from a payer with a dataset from a
hospital EHR. How can I ensure that the medications in both datasets are
normalized such that a simple query such as “I want all patients who
received a platinum-based chemotherapy” returns the correct patients from
the EHR dataset and the correct claims from the payer dataset?

Both interoperability and data harmonization are big challenges in
healthcare. There is also a lot of overlap in the underlying issues and
associated solutions. For example, whether one is transmitting a list of a
patient’s medication history from one hospital to the next, or trying to
combine two datasets, the solution may be to link the medications to a
standard coding system such as RxNorm  or National Drug Codes.7 8



For the purpose of this book, the key issue is that how you interpret the data
largely depends on why the data were collected, who collected the data, and
any workflow or user experience limitations during the collection process 
— what I collectively refer to as context. As data engineers and data
scientists, we do not always have access to all of the necessary context and
we oftentimes need to make a best guess. However, it is important that we
at least ask ourselves how the data might have been affected.

One of the most commonly highlighted examples of the challenges with
data harmonization of EHR data is the is the use of ICD codes within a
patient’s clinical record. ICD codes  are a common method for tracking
diagnoses with a patients clinical record — at least this is the high level
intention and assumption.

However, to dig a little deeper, we need to ask a few questions:

1. How are the ICD codes actually used?

2. Why ICD codes (versus any other type of code or coding system)?

3. Who assigns the codes to a patient’s clinical record?

These may seem obvious but remind us that not every organization
approach data the same way. In the United States, ICD codes in an EHR are
typically used as part of the billing process, and entered into the system by
medical billing specialists, not physicians or nurses. This impacts out
analyses because we need to keep in mind that the codes may be used to
justify other parts of an insurance claim or to satisfy internal reporting
requirements, and not intended at all to accurately document a patient’s
medical history.

Example 1-1. Diabetes Screening Scenario

A patient may go to their primary care physician for a routine checkup.
During the encounter, a physician suspects that their patient may have
diabetes and decides to order a hemoglobin A1c test. When the billing
specialist reviews this encounter and prepares a claim for submission to the
insurance company, they add the ICD-10 code of Z13.1, “Encounter for
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screening for diabetes mellitus.” At the same time, there is an internal
policy to also code such patients with the code R73.03, “Prediabetes,”
which is used to feed a dashboard for subsequent follow up with
educational and other patient engagement materials.

As data scientists, we come along months or years later and are attempting
to generate a cohort of patients who are prediabetic (but not yet diabetic)
and subsequently diagnosed as diabetic. We know that there is the perfect
ICD-10 code (R73.03) and proceed to write a SQL query to find all patients
who have that code. However, what if our patient above had an A1c result
of 5.5% (completely within normal limits) and the physician was just being
overly cautious? In this scenario, our SQL query would erroneously return
this patient as part of our prediabetic cohort.

To further highlight the potential complexity, let’s say our clinic is currently
participating in a local program with the county’s department of public
health on a diabetes screening campaign. The physicians in our clinic are
now ordering prediabetes screenings at a much higher rate than other
counties in the state. If we continue to rely on this “perfect” ICD-10 code of
R73.03, it will appear as if this particular county has an extremely high rate
of prediabetics who are never subsequently diagnosed with diabetes. This
could be interpreted that the campaign is extremely successful in preventing
diabetes.

Given the example above, what is the solution? Typically, in this sort of a
situation where we have an objective definition of “prediabetes,” we can
just add a threshold to our SQL query, triggering off the A1c result. For
example, the threshold for prediabetes may be 5.7-6.4% so we can update
the WHERE clause of our SQL query accordingly.

However, the threshold at which point a person is diagnosed as diabetic is
not uniform across all hospitals, clinics, or health systems. For example,
while our clinic uses 6.4%, another clinic in the county or state may use a
threshold of 6.7%. As data scientists and data engineers, we must then
query for the raw lab result and apply additional filtering later on in our
process.



While the example above may seem unnecessarily complex, it is actually
simpler than many, especially those in specialities such as oncology or
neurology where )the diseases themselves are not as well understood. I will
continue to share similar examples and how the use of graph databases can
make our job as data engineers and data scientists easier and more efficient,
particularly through the lens of reproducibility.

Claims Data
Claims data capture the financial side of healthcare delivery. While this is
commonly associated with the US healthcare system given our reliance on
private insurers, countries with national health systems also track similar
data (essentially treating the government as the payer). You may hear the
term “payer” used to describe insurance companies and I will also use that
term throughout this book.

On the surface, we might assume that the data contained in a claim (e.g.,
diagnoses, medications, procedures, etc.) correspond to the data contained
in the patient’s record in an electronic health record. For example, if you go
to your doctor’s office for a routine checkup and they do a blood draw and
order a panel of lab tests, we should expect the records of these in both the
EHR as well as the claim to correspond to one another.

For very simple situations, this may be true. However, there is usually a
serious discrepancy between claims and EHR data. You may have heard of
the term “upcoding” which is often used to describe the process by which
clinics and hospitals (collectively referred to as “providers”) submit codes
fraudently to increase payments.

For example, a provider may have seen a patient for a short visit where only
routine screening services were performed, which should have been coded
using 99212 (the evaluation of an established patient with at least 2 of: a
problem-focused history, a problem-focused examination, and
straightforward medical decision making). However, the clinic knows that it
would get reimbursed more if it submits code 99215 (an evaluation
requiring at least 2 of: a comprehensive history, a detailed examination, and



medical decision making of high complexity). While this is a very clear
example of fraudulent upcoding, not all situations where codes appear to be
inflated are fraudulent.

Another example may be when a provider adds a particular diagnosis code
which appears to increase the complexity of a patient (as discussed in
Example 1-1). In this situation, a code was attached to the claim in order to
justify associated lab tests. From the perspective of retrospective analysis,
this may initially appear to be upcoding since the patient was not actually
diabetic.

Either way, this highlights that claims data may be inaccurate in a clinical
sense given the processes behind claims adjudication and reimbursement, or
even fraudulent upcoding. The key takeaway is that we, as data engineers
and data scientists, must really understand the nuances underlying the
claims data, and not assume that it is accurate for our particular use case.

SELF-INSURED EMPLOYERS
Most larger companies in the United States are self insured or self funded — this means
they take on the financial risk instead of an insurance company. They typically contract
with third party administrators (e.g., United HealthCare, Anthem, etc.) to handle the
claims processing. In these situations, there is yet another source of influence on
how/why data are collected, which then directly impacts any downstream analyses.

Clinical / Disease Registries
Clinical and disease registries are typically used to collect data
prospectively given a specific set of criteria (often referred to as a study
protocol). Many of the same data harmonization challenges exist in
registries as they do with EHR data. However, one of the key differences is
that the primary intention behind a disease registry is to collect data for later
analysis (e.g., clinical research, population health, public health
surveillance).

We discuss it in a bit more detail later but this highlights the biggest
difference between EHR/claims data and most other data collected in



healthcare — whether the data were collected for the purpose of later
analysis or not. EHRs and claims data are collected primarily to transact the
business of healthcare. When a physician captures data in the EHR, they are
trying to document such that they (or another clinician) can provide the
patient with the appropriate care. When a medical coding specialist assigns
ICD-10 codes, they are helping the clinic submit reimbursement claims.
The intention is not to collect data for data science.

Registries, on the other hand, are collected so that data analysts and data
scientists can use the data to derive insights about populations of patients.
Instead of needing to do a deep dive into a particular hospital’s workflow to
understand the context and nuance of the data, you would refer to the study
protocol instead. This becomes particularly beneficial for us when working
with data from mulitple institutions or data collection points. In a registry,
all sites for data collection use the same study protocol and attempt to
collect data as uniformly as possible. In contrast, the local influences on
EHR and claims data will vary between clinic, insurance companies, and
even employers as discussed above.

Clinical Trials Data
Clinical trials data is likely the “cleanest” of all healthcare data since there
is significaly financial and regulatory incentives in place. The success of a
clinical trial and approval by regulatory authorities hinges on having clean
data and robust analyses. As a result, pharmaceutical companies and
clinical/contract research organizations (CROs) dedicate significant
resources to the data collection, cleaning, processing, and analysis.

Additionally, there are clearly defined standards (e.g., CDISC ) around
clinical trials data since regulatory agencies have clearly defined
submission requirements. While such standards help decrease some of the
challenges when harmonizing trials data, they do not solve all of the
challenges.

Other Data
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Electronic health records, registries, claims data, and clinical trials data are
the typical categories of data that come to mind when talking about
healthcare data. However, there are many other sources of data that are
being used at all levels of healthcare, from digital health startups to
hospitals and biopharma companies.

There are far too many to list here but the approaches presented throughout
this book are just as applicable. Whether you are dealing with patient
reported outcomes, radiology reports, diagnostic data, or anything else,
approach it as you would any of the sources discussed above.

Data Collection and How that Affects Data
Scientists

Retrospective vs. Prospective Studies

Prospective Studies
The term prospective is adapted from its use when describing clinical
research studies — highlighting the relationship between when the study
starts and when the final outcome is measured1. In prospective studies, a
study protocol is put in place and data are collected. Data continue to be
collected per the study protocol until the end of the study. Analysis of the
data may start immediately (even while the study is on going) or may start
after the data has been locked and no additional data are collected.

One of the key points to consider with prospective studies is that the criteria
for data collection and how the data are collected are explicit and
influenced by the purpose of the study. For example, take a study that seeks
to identify clinical signs associated with impending death in patients with
advanced cancer2. This was setup as a prospective study and the protocol
dictated that 52 physical signs were documented every 12 hours, starting
with the patient’s admission.



In the study above, and as with most prospective studies, decisions about
the underlying format/data types and the meaning (referred to as semantics)
of each data element are determined up front. Those involved with the
collection, management, and analysis of the data can all refer back to the
study protocol for the intended semantics.

The concepts of prospective studies and primary data are often conflated
given their frequent association. Data collected in the context of prospective
studies are typically considered primary data because they are collected for
the purpose of the study3. However, though data may have been collected
in a prospective study, it could be used as secondary data in a follow up
study. Continuing with the cancer study referenced above, if researchers
took that data and wanted to look for correlations between various bedside
clinical signs and various medications, this would be considered secondary
use of the data. That is, the data are being used and analyzed for reasons
other than why they were originally collected.

So, while data from prospective studies are usually considered primary
data, they may also be considered secondary data — this distinction
between primary and secondary use depends entirely on the question(s)
being asked of the data, relative to how and why the data were initially
collected.

Retrospective Studies
Historically, prospective studies were the major mechanism for gathering
healthcare data for analysis, often in the form of clinical research. However,
as with most industries, data are being collected more and more frequently 
— in a variety of forms whether through electronic health records, digital
health tools, or even in clinical and disease registries. Consequently, people
are looking to these data to find insights and are essentially conducting
retrospective studies.

Retrospective studies are those where the outcome is already known (e.g.,
we already know the overall survival of all patients in the data set) and data
are collected from existing sources or memory. As a result, retrospective
studies typically involve secondary use of data. This is where things can get



confusing between prospective studies and retrospective studies, and
primary data and secondary data.

One common example of a retrospective study involving secondary use of
data is the extraction of data from electronic health records (EHR’s)4 — a
researcher may want to look at the relative overall survival of cancer
patients on a particular medication (e.g., bevacizumab5) relative to standard
chemotherapy alone. Instead of constructing prospective study, the
researcher decides they will extract data on a subset of patients who match
the inclusion/exclusion criteria. Though the data have already been
collected in the EHR, the researcher is retrospectively analyzing previously
collected for their study.

The example above also highlights secondary use of data. The data were
originally collected in the EHR for the purposes of patient care or billing,
but are now being used to compare the efficacy of traditional chemotherapy
regimens and those that include the addition of bevacizumab.

Generally speaking, from the perspective of the data, whether a study is
prospective or retrospective is less important than whether it is a primary or
secondary use (and collection) of data. As data engineers or data scientists,
it is important to consider how and why the data were collected since this
directly impacts the [[wrangling (cleaning, processing, normalization, and
harmonization) of data]].

It is usually easier to wrangle data that have been collected for the specific
study being conducted. Data types and formats have been decided; there is
an established common understanding of the data elements and how they
are supposed to be collected. This does not ensure that the data are in fact
clean, but it does decrease the data wrangling challenges.

In the case of secondary use of data, the data were collected for a variety of
different (and sometimes conflicting) reasons so it is not always clear how
the data should be cleaned and processed. For example, one common
misconception is that a list of ICD-10 codes within a patient’s record in the
EHR is a good source of identifying patients with a particular diagnosis.
While ICD-10 codes are commonly used to track diagnoses in a variety of



datasets, it is important to understand the context of the use of ICD-10
codes in many (though not all) EHR’s.

Take a patient who comes into their primary care provider’s office for a
routine checkup and the physician orders a hemoglobin A1c (HbA1c) test to
rule out diabetes. That is, the physician feels their patient may have diabetes
and is attempting to validate this hypothesis. They will put in the order for
the test and continue with the visit. However, somewhere behind the scenes,
someone responsible for medical billing also tags the patient’s record with
the ICD-10 code of E13, indicating “other specified diabetes mellitus.”

Why did they do this? Perhaps this allows the hospital administration to
track why particular tests are being ordered, or this allows insurance
companies to identify erroneous test orders. The insurance company may
have a policy that says, “HbA1c tests are approved only for patients having
or suspected of having diabetes.” In order to validate incoming claims, the
insurance company has pushed the burden onto hospitals. Existing diabetic
patients will already have a corresponding ICD-10 code and will pass the
validation. However, a patient who has not been diagnosed with diabetes
will fail this test and the claim will be kicked back to the hospital. So, in
order to pass the validation, the hospital codes the patient as having
diabetes.

In this example, is the patient diabetic? Perhaps. Perhaps not. Until the
result of the HbA1c test is examined, there is no way for a data scientist to
know if this is a diabetic patient or not (and whether or not to include this
patient in the cohort).

1  How to Move Beyond a Monolithic Data Lake to a Distributed Data Mesh.
https://martinfowler.com/articles/data-monolith-to-mesh.html

2  Epic Systems Corporation. https://www.epic.com/

3  Cerner Corporation. https://www.cerner.com/

4  “Ambulatory” is being used to mean “outpatient,” distinguishing it from an in-patient or
hospital EHR

5  https://www.nextgen.com/insights/emr-vs-ehr/emr-vs-ehr

https://martinfowler.com/articles/data-monolith-to-mesh.html
https://www.epic.com/
https://www.cerner.com/
https://www.nextgen.com/insights/emr-vs-ehr/emr-vs-ehr


6  https://www.healthit.gov/buzz-blog/electronic-health-and-medical-records/emr-vs-ehr-
difference

7  RxNorm. https://www.nlm.nih.gov/research/umls/rxnorm/overview.html

8  National Drug Codes. https://www.fda.gov/drugs/development-approval-process-
drugs/national-drug-code-database-background-information

9  ICD Codes. https://www.who.int/standards/classifications/classification-of-diseases

10  CDISC. https://www.cdisc.org/around clinical trials data

https://www.healthit.gov/buzz-blog/electronic-health-and-medical-records/emr-vs-ehr-difference
https://www.nlm.nih.gov/research/umls/rxnorm/overview.html
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Chapter 2. Technical
Introduction

A NOTE FOR EARLY RELEASE READERS
With Early Release ebooks, you get books in their earliest form—the
author’s raw and unedited content as they write—so you can take
advantage of these technologies long before the official release of these
titles.

This will be the 2nd chapter of the final book. The GitHub repo for this
book is available at https://gitlab.com/andrew-nguyen/hands-on-
healthcare-data.

If you have comments about how we might improve the content and/or
examples in this book, or if you notice missing material within this
chapter, please reach out to the editor at mpotter@oreilly.com.

If you are familiar with Docker and Containers, you can ignore the first
section of this chapter. I won’t go into too much detail about Docker since
there are plenty of resources out there. That said, I will cover enough of the
basics so that you can get the examples up and running with minimal
additional configuration on your part.

The second part of this chapter provides a high level, conceptual overview
of the various types of databases that we will cover in later chapters. I start
with a discussion of relational databses (often referred to as SQL databases)
which use the Structured Query Language (SQL). This is the gold standard
in databases and have been commonly used for decades.

This book generally assumes that you have some proficiency with SQL
though there may be many of you who are coming from the healthcare side
of the world and may not have a lot of experience with databases. The

https://gitlab.com/andrew-nguyen/hands-on-healthcare-data
mailto:mpotter@oreilly.com


overview below is not intended to provide a deep dive into SQL databases.
Instead, it sets the stage, providing a basic introduction to vocabulary
concepts to which we can compare and contrast graph databases.

Basic Introduction to Docker and Containers
If you have ever tried to install server-side software such as a web server,
application server, or database server, you know how painful it can be to
make sure that your environment aligns with the documentation. Your
directory structure might be slightly different; your operating system might
be a different version; or you have a different version of Java installed.

One solution to this is to use virtual machines and something like VMWare
or Parallels. However, these require that you still install a guest operating
system and incurs signficant overhead, particularly RAM and disk space.
The moderns solution to this problem is to use containers.

Containers are a form of virtualization that focus on the application layer. In
other words, they allow us to deploy software in a particular environment
(called a container) where we control the version of the software and all of
its dependencies, just as we would in a virtual machine. However, unlike a
traditional virtual machine, we do not virtualize the operating system,
saving RAM and disk space in the process.

Of course, some magic needs to happen in order to allow for disk access,
networking, security, etc. This is where projects such as [Docker]
(https://www.docker.com/) come in. There are other container engines suck
as [rkt](https://coreos.com/rkt/) and [LXC/LXD]
(https://linuxcontainers.org/). We focus on Docker given its widespread
adoption and support for Mac OS, MS Windows, and Linux operating
systems.

Additionally, containers also allow application developers, data scientists,
and others at the top of the stack to create repeatable and reproducible
deployments regardless of the underlying operating system. This becomes
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especially important where there are a mix of Mac, Windows, and Linux
workstations and servers.

Docker is has many options that are beyond the scope of this book. For
additional information and to learn more about Docker, checkout Docker’s
[educational resources](https://docs.docker.com/get-started/resources/).

Installing and Testing Docker
If you do not have Docker installed, please follow the appropriate
instructions here. The rest of this chapter assumes that you have Docker
installed and running properly. You should be able to run docker run
hello-world and get something similar to the following output
(specifically, the “Hello from Docker!” and subsequent output):

Unable to find image 'hello-world:latest' locally 
latest: Pulling from library/hello-world 
0e03bdcc26d7: Pull complete 
Digest: 
sha256:d58e752213a51785838f9eed2b7a498ffa1cb3aa7f946dda11af39286c
3db9a9 
Status: Downloaded newer image for hello-world:latest 
 
Hello from Docker! 
This message shows that your installation appears to be working 
correctly. 
 
To generate this message, Docker took the following steps: 
 1. The Docker client contacted the Docker daemon. 
 2. The Docker daemon pulled the "hello-world" image from the 
Docker Hub. 
    (amd64) 
 3. The Docker daemon created a new container from that image 
which runs the 
    executable that produces the output you are currently 
reading. 
 4. The Docker daemon streamed that output to the Docker client, 
which sent it 
    to your terminal. 
 
To try something more ambitious, you can run an Ubuntu container 
with: 

https://docs.docker.com/get-started/resources/
https://docs.docker.com/get-docker/


 $ docker run -it ubuntu bash 
 
Share images, automate workflows, and more with a free Docker ID: 
 https://hub.docker.com/ 
 
For more examples and ideas, visit: 
 https://docs.docker.com/get-started/

Conceptual Introduction to Databases
There are many aspects to choosing what type of database to use for a
particular project. Typically, you would make your choice based on write
requirements or read requirements. Write requirements revolve around the
data collection and what the system needs to be able to handle so that data
is not lost. On the other hand, read requirements consider the needs of the
system as you query the data from the database.

ACID Compliance
A common set of properties of databases (from the perspective of writing to
databases) are referred to as ACID. ACID compliance ensures that a
database will perform write operations with certain guarantees:

Atomicity is the idea that writes to a database are treated as a single, atomic,
operation such that all components are successful or none are applied to the
database. The classic example is a bank database that supports transfers of
funds from one account to another. Say Joe wants to transfer $10 to Susie 
— the database must debit $10 from Joe’s account and then credit $10 to
Susie’s account. What happens if there is a power outage or other glitch in
the system after the money is debited from Joe’s account and before the
money is credited to Susie? The money would be essentially lost forever. If
a database supports atomicity, both the debit and credit must succeed;
otherwise, the debit is rolled back as if nothing happened. A group of writes
that must execute together are grouped into a transaction.

Consistency ensures that the database is always in a valid state. In other
words, as software systems interact with the database, queries will either



execute successfully, or not at all. This may sound similar to atomicity but
is more basic. The idea of consistency applies regardless of the number of
queries within a transaction, and focuses on whether or not a write is
successful. To continue the example above, what if Joe simply wanted to
withdraw money from his own account? There is really only a single step to
the transaction (the debit of $10 from Joe’s account) so atomicity doesn’t
apply. However, if the power outage hits right in the middle of logging Joe’s
debit, the database needs to ensure that Joe’s account, and the database as a
whole, are not corrupted as a result. In a sense, consistency is a building
block of atomicity — the database uses consistency to ensure that each step
of a transaction is successful and, if all steps are successful, the transaction
is completed, thus providing atomicity.

Isolation ensures that individual transactions executed against a database
are isolated from one another. In other words, whether a transaction consists
of a single query or multiple queries, the success or failure of a particular
transaction does not affect any other transactions. Isolation is mainly a
consideration of concurrent systems, systems that may run particular
operations in parallel. So, if two transactions are sent to the database server
at the same exact moment, the failure of one should not affect the database.

Durability ensures that, once a transaction is completed and written to the
databse, the completion of the transacation will not be lost due to a system
failure.

As you are probably wondering, these all sound very similar and
overlapping so they the need to discuss each of them individually? From the
perspective of a data engineer or data scientist, we may not care too much
about the nitty gritty details. They are, however, extremely important to
database engineers, adminsitrators, and system/network administrators.
Durability ensures that a successful transaction will never be lost;
consistency ensures that successful transactions cannot corruopt the
database; isolation ensures that one transaction’s success of failure will not
affect others; atomicity ensures that all parts of a transaction must succeed
for the transaction to succeed. The underlying engineering to make these



guarnatees becomes especially complex when considering distributed
databases that live across multiple servers, data centers, or cloud providers.

OLTP Systems
ACID compliance is typically discussed in the context of OLTP systems — 
online transactional processing. The majority of database usage was
focused around OLTP systems that were designed to facilitate business
transactions. Whether it’s a bank logging money transfers between accounts
or a medical center trying to send medication requests from the ICU to the
pharmacy, there is a need for database systems to log the request, push it to
other systems, and update the database accordingly.

OLTP systems are designed around reliablya and quickly reading and
writing of small chunks of data, especially as the database grows in size.
Whether a medical center has 100 patients or 1 million patients, the
electronic health record (as an OLTP system) should be allow physicians to
update or look up a single patient’s clinical record within seconds. The New
York Stock Exchange should be able to log a single stock trade within
milliseconds. There is rarely a need to quickly look up clinical records of all
patients or to pull all of the stock trades for the entire stock exchange. These
differing requirements allow engineers to design the system accordingly.
However, with the focus on small, discrete chunks of data, OLTP systems
perform quite poorly when trying to scan the entire database for specific
data.

On the other hand, data scientists often want to scan the entire database for
a specific set of fields. For example, say we want to run an analysis of
adverse reactions to medications that result in anaphylaxis (a life-
threatening, systemic allergic reaction). We want to pull known allergies,
prescribed medications, and hospital admissions for all patients in our
electronic health record. If you are at an organization as large as Kaiser
Permanente, you would be running this query against 12.5 million people.
Running such a query against an OLTP system would likely take a very
long time to return the results, and could even take down the system similar



to a denial-of-service (DoS) attack. Either way, your database
administrators would likely not be very happy with you!

OLAP Systems
OLAP (online analytical processing) systems were introduced to handle
analytics workloads similar to the previous example. These databases may
not perform well for transactional use cases but excel at large scans across a
subset of the data. You will likely hear discussions of OLAP systems in the
context of data warehouses, data marts, and other centralized data storage
systems designed around aggregating data for the purpose of analytics.

OLAP systems are built around the read requirements — those
considerations on how we want to query and extract the data. Unlike with
OLTP systems, data architects will consider the anticipated analytical
workloads and then design the system accordingly. To continue our EHR-
based example, will we want to routinely scan all patients or a subset of
patients? Or, will we scan each encounter a patient has (which could be
orders of magnitude higher than the number of patients)?

Large scans of a single column/field of data is a common use case and one
of the reasons why column-oriented databases have become so popular. We
could model the databse such that each row is a patient and each column
reflects a particular field (e.g., medications, lab values, vital signs, etc.). In
a columnar database, asking for “all medications across all patients”
becomes a very efficient query.

The topic of OLAP systems and the underlying database options, such as
SQL, column-oriented, document-oriented, or graph databases is a very
complex one. This book focuses specifically on graph databases given their
ability to model many of the complexities of healthcare data. However, they
are not necessarily the best or only solution for healthcare data. Ultimately,
the specific type of database depends on a multitude of factors, with
semantic representation being only one factor.

SQL vs. NoSQL



When discussing OLAP systems, people often look to NoSQL solutions
(compared to SQL systems when considering OLTP systems). However,
both SQL and NoSQL databases can be used for either OLAP or OLTP
systems. The underlying decision for which type of database to use is a
complex topic and beyond the scope of this book. As data engineers and
data scientists, we often get involved with projects well after the databases
have been deployed.

The key thing to remember is that SQL databases are a fairly homogeneous
group of databases. While therea are certainly differences from one vendor
to the next, they are all conceptually the same. There are tables of rows and
columns, and they are connected via primary-foreign key relationships.

NoSQL databses, on the other hand, are an extremely hetereogeneous group
of databases. By definition, they are all databases that do not follow the
relational paradigm. As a result, they are all conceptually very different.
The most common are column-oriented databases (e.g., Cassandra), key-
value stores (e.g., Redis), document-oriented databases (e.g., MongoDB),
and graph database (e.g., Neo4j). Within each class, there are many options
and vendors, each with a particular focus. Also, many database vendors are
beginning to support multiple paradigms. For example, ArangoDB is a
document-oriented database that also provides graph functionality;
RedisGraph is a graph add-on for the Redis key-value store; Datastax also
provides a graph database on top of the Cassandra column-oriented
database. This is not intended to be an exhaustive list but simply to
illustrate that the NoSQL landscape is wide and diverse with the only
common characteristic of simply being something other than relational
databases.

As a result, the query languages and underlying philosophies differ from
database to database. For example, MongoDB and CouchBase are both
document-oriented databases but have entirely different approaches to
querying the data. MongoDB uses a Javascript-based query language
whereas CouchBase provides a query language  that is inspired by SQL
itself.

2
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On the graph database front, there are several different philosophical
approaches and the remainder of this chapter will cover three particular
approaches.

SQL Databases
This section provides a very brief overview/review of SQL databases. It is
intended for those who may have learned about databases years ago and
need a quick review or those who may have heard of SQL databases but
may lack a little more detail. The main intent for this section is to baseline
the vocabulary and basic concepts. I will refer back to these concepts as we
review the different types of graph databases.

As I mentioned earlier, SQL databases are the gold-standard when it comes
to database technology. While they are often referred to as SQL databases,
they are also often referred to as RDBMS’s (relational database
management systems) or relational databases.

It is a little confusing but relations in a relational database refer to the tables
themselves, not the relationships between tables. That said, the power in a
relational database is the ability to connect tables to one another and then
query these connections. Figure 2-1 highlights how a patient might be
connected to medications and diagnoses in a relational database.

As you can see, the Patients table is intended to track individual patients,
each with a name (Patient_name) and a link to Demographic_Info (not
shown). Additionally, there are two other tables, Medication and Diagnoses
that each have a link back to Patients. The PK and FK that you see
correspond to primary key and foreign key.



Figure 2-1. Relational Database Example

These keys are one of the fundamental building blocks of relational
databases and are what allow tables to be linked together. A primary key
(PK) are used to uniquely identify rows within a particular table.
Sometimes, these keys represent attributes in real life (e.g., medical record
number, social security number, insurance subscriber ID); other times, they
are entirely artificial and do not have any meaning or semantic relevance to
the underlying data. The latter are often sequentially generated integers (as
in the example in Figure 2-1).

Foreign keys are are used in tables to refer to rows in another table. In the
example above, the PK of the Patients table is Patient_id, presumably a
patient identifier assigned by the clinic or hospital. Each patient is likely to
be on zero or more medications. So, the database architect decided to create
a second table to store medications. In order to link these medications to



particular patients, they have setup a primary-foreign key relationship
between the Patients and Medication tables. There is a column in the
Medication table that will always store Patient_id. In this particular setup, a
single patient can be linked to multiple entries in the Medication table since
any number of rows in Medication can refer to the same patient. On the
other hand, each medication entry can only refer to a single patient. This is
what we call a one-to-many relationship between Patients and Medication.

When linking two tables such as Patients and Medication, you will
typically see one-to-one, one-to-many, or many-to-one relationships. In
one-to-one situations, a single row in one table will correspond to a single
row in another table. In one-to-many situations, a single row in a table will
link to multiple rows in another table. Many-to-one is the same except when
looking from the perspective of the other table.

You can model many things using relationships above. But, what about
more complex systems where you need many-to-many relationships? To
build out the example above, what if we don’t want to track multiple entries
of “Acetaminophen (Tylenol)” within our system? In other words,
regardless of how many patients may have been prescribed acetaminophen,
we want to track only a single instance of it. This would clean up our
database and prevent thousands of duplicate rows where we might need to
rename the medication or change some other attribute of it. Figure 2-2 is an
example of one way to link patients to medications such that we have a
many-to-many relationship. A single patient can be linked to any number of
medications and a particular medication can be linked to any number of
patients.

Figure 2-2. Basic Join Table Example



This is what we call a join table. As it stands, the join table addresses the
basic requirement of having a single entry for a particular medication name
so we don’t have multiple entries for “Acetaminophen (Tylenol).” However,
you may have noticed that I labled the join table Medication_Order.
Figure 2-3 expands on the basic join example with several more columns
for the Medication_Order table such as order_date and ordered_by.

Figure 2-3. Expanded Medication Order Join Table Example

The ordered_by column is a foreign key relation and points back to another
table (not shown) of physicians and nurse practitioners who can place
medication orders. The column order_date is when the medication order
was actually entered into the system. This highlights the power of join
tables and how they can be used to model complex systems such as the
ordering or adminsitration of medications.

For the latter, we may create another table called
Medication_Administration that has a one-to-one relationship with
Medication_Order. You may be wondering, why create something with a
one-to-one relationship when we can just add additional columns? In this
case, the two tables capture very different parts of the workflow so it makes
sense to also separate them in the database. This could make it easier when
trying to load these day into a data warehouse but also simplifies the
engineering and database administration since updates to the medication
ordering vs. administration processes can be tested independently.

To continue the example around patients, medications, and medication
orders, let’s see how they might look from the perspective of SQL queries:

Example 2-1. Medication Orders in SQL



# Get the medication ID for acetaminophen
SELECT Medication_id FROM Medication WHERE Medication_name = 
"Acetaminophen (Tylenol)"; 
 
# Get all patients on acetaminophen without a join table
SELECT P.Patient_id FROM Patients P
INNER JOIN Medication M
ON P.Patient_id = M.Patient_id
WHERE M.Medication_name = "Acetaminophen (Tylenol)"; 
 
# Get all patients on acetaminophen with a join table
SELECT Patient_id FROM Medication_Order MO
INNER JOIN Medication M
ON MO.Medication_id = M.Medication_id
WHERE M.Medication_name = "Acetaminophen (Tylenol)";

Example 2-2. Medication Orders with Patient Date of Birth in SQL
# Get patient IDs and date of birth on acetaminophen without a join 
table
SELECT P.Patient_id, P.DOB FROM Patients P
INNER JOIN Medication M
ON P.Patient_id = M.Patient_id
WHERE M.Medication_name = "Acetaminophen (Tylenol)"; 
 
# Get patient IDs and date of birth on acetaminophen with a join 
table
SELECT P.Patient_id, P.DOB FROM Patient P
INNER JOIN Medication_Order MO
ON P.Patient_id = MO.Patient_id
INNER JOIN Medication M
ON MO.Medication_id = M.Medication_id
WHERE M.Medication_name = "Acetaminophen (Tylenol)";

Example 2-1 shows some basic SQL queries corresponding to the schema
in Figure 2-1 where no join table exists between patients and their
medications. This is the simplest schema and the INNER JOIN is the key
aspect of SQL that enables this. Joins are the mechanism by which we can
query relational databases and extract data that is spread across multiple
tables. If you have worked with SQL in the past, this is intended as a
review. If you are knew to SQL, my main intent here is to give you a high
level overview and help you develop a basic understanding of how to query
relational databases.



Example 2-2 expands on the SQL queries and assumes the schema that is
provided in Figure 2-3. Here, you can see the query becomes a little bit
more complex since we need to join across three different tables. The last
query in Example 2-2 also highlights how the queries can get more complex
when trying to query additional properties such as a patient’s date of birth.

These examples and the idea of join tables in particular are critical to
thinking about graph-based representations of the data, and graph databases.

Labeled Property Graph (LPG) Databases
Labeled property graph databases, often referred to as just property graph
databases are probably one of the most common graph databases in use
today. They are certainly not the only type of graph database and not even
the first. However, companies such as Neo4j  have popularized them in
recent years. At their core, property graphs are essentially a collection of
nodes (sometimes referred to as vertices) and relationships (sometimes
referred to as edges) as shown in Figure 2-4.

Figure 2-4. Property Graph Nodes and Relationships

Relationships are directional and always point from one node to another.
However, graph query languages usually allow you to query relationships
while ignoring their directionality. In labeled property graphs, nodes also
have labels which provide a higher level organization of all of the nodes
that might be in the database. These labels are somewhat analogous to
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tables in a relational database. To continue the example from earlier, we
would have a couple labels or types of nodes: Patient and Medication. Each
node can also have properties that are analogous to columns of a table. One
possible graph-based representation of the schema in Figure 2-3 is shown in
Figure 2-5.

Figure 2-5. Medication Order Example as a Property Graph

As you can see, we still have the ability to represent patients, medications,
and orders of medications while tracking the relevant columns. When used
this way, property graphs and relational databases have many similarities
and generally provide the same functionality. You may be wondering,
what’s the difference and why bother with graph database (especially if you
already have a relational database deployed)?

In relational databases, the relationships focus on connecting tables together
as part of the underlying schema of the database. The semantics of how two
data points are connected get baked into the design and administration of
the underlying database. If a data engineer or data scientist wants to add a
new type of relationship between tables, they must work with the database
administrators and engineers to update the database schema accordingly.

On the other hand, within a property graph database, all aspects of the data
(labels, properties, and relationship types) are considered data in the sense
that they can be updated on the fly and there is no need to redesign the



database schema. As such, property graph databases fall under the umbrella
of schemaless databases. This is a bit of a misnomer since the databases
certainly have a schema. However, the schemas can be changed on the fly
and is not set/managed by the database administrator. Perhaps a better
description would be that they have dynamic schemas.

So, you may now be wondering, are these just schemaless versions of
relational databases? What are the benefits and tradeoffs?

Much of the benefit of property graph databases may lie in their query
languages, not in how they represent and store the data. At some level, this
is true for almost anything in computer science. Most tools can be used to
solve most problems — the specific decision to use one or another largely
depends on a variety of tangential factors. In the context of labeled property
graphs vs. relational databases, some key considerations are:

1. Are the types of relationships between various concepts set in
stone?

2. How likely are new relationships going to be added? By whom?

3. Relative importance of requirements around:

a. ACID compliance

b. Reead/write latency

c. Ease of writing/maintaining queries

d. Existing tools in your ecosystem (e.g., reporting tools such
as Tableau) and expertise available in your organization

e. Similarity to SQL? Developer friendly?

Common Query Languages and Frameworks
Two of the most common query languages for property graphs are Cypher
(and its open sourced counterpart openCypher ) and Gremlin.  That said,
nearly every graph database out there provides its own query language. A
few (e.g., RedisGraph ) have adopted  openCypher, and some have
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adopted Gremlin (e.g., JanusGraph , AWS Neptune , OrientDB ) while
many have support via third-party libraries (e.g., Neo4j ). The challenge
with third-party libraries, as evident with Neo4j support, is that they may
not support the latest versions of a particular databse and support is likely to
come and go depending on the needs of the underlying maintainer.

Query languages such as openCypher, Arango Query Language, GSQL
(from TigerGraph) are structurally similar to SQL. This decreases the
learning curve for those who are accustomed to working with SQL. On the
other hand, approaches such as Gremlin are much more programmer
oriented and less of a traditional query language.

Let’s look at some examples of how the SQL queries from Example 2-1 and
Example 2-2 might look in graph query languages while assuming the
graph schema provided in Figure 2-5.

Cypher

Example 2-3. Medication Orders in Cypher
# Get the medication ID for acetaminophen
MATCH (m:Medication {Medication_name: "Acetaminophen (Tylenol)"})
RETURN m.Medication_id 
 
# Get all patients on acetaminophen via the has_order_for 
relationship
MATCH (p:Patient)-[:has_order_for]->(m:Medication {Medication_name: 
"Acetaminophen (Tylenol)"})
RETURN p 
 
# Get patient IDs and date of birth on acetaminophen via the 
has_order_for relationship
MATCH (p:Patient)-[:has_order_for]->(m:Medication {Medication_name: 
"Acetaminophen (Tylenol)"})
RETURN p.Patient_id, p.DOB

As you can see, the queries are very similar to one another and are not too
different from their SQL counterparts. However, the syntax is much more
compact. While it is certainly possible to use SQL to model this particular
use case, the Cypher-based approach feels much simpler and easier. This
simplicity is particularly highlighted by the additional query for the
patient’s date of birth. In the SQL example, it required an additional INNER
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JOIN clause while the Cypher version simply required an additional
p.DOB.

Gremlin

Example 2-4. Medication Orders in Gremlin
# Get the medication ID for acetaminophen
g.V() 
 .has("Medication_name", "Acetaminophen (Tylenol)") 
 .property("Medication_id") 
 
# Get all patients on acetaminophen via the has_order_for 
relationship
g.V() 
 .has("Medication_name", "Acetaminophen (Tylenol)") 
 .in("has_order_for") 
 
# Get patient IDs and date of birth on acetaminophen via the 
has_order_for relationship 
 g.V() 
  .has("Medication_name", "Acetaminophen (Tylenol)") 
  .in("has_order_for") 
  .values("Patient_id", "DOB")

Again, we can see that the traversal of relationships within the graph add a
minimal amount of syntax to the overall query.

ArangoDB Query Language

Now, let’s take a look at one other graph query language that we haven’t
talked about much yet, the ArangoDB Query Language (AQL)  since we
will be diving a bit deeper into ArangoDB in the remainder of this book.

Example 2-5. Medication Orders in ArangoDB Query Language
# Get the medication ID for acetaminophen 
FOR m IN Medication 
  FILTER m.Medication_name == "Acetaminophen (Tylenol)" 
  RETURN m.Medication_id 
 
# Get all patients on acetaminophen via the has_order_for 
relationship 
FOR m IN Medication 
  FILTER m.Medication_name == "Acetaminophen (Tylenol)" 
  FOR p in 1..1 INBOUND m has_order_for 
    RETURN p 
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# Get patient IDs and date of birth on acetaminophen via the 
has_order_for relationship 
FOR m IN Medication 
  FILTER m.Medication_name == "Acetaminophen (Tylenol)" 
  FOR p in 1..1 INBOUND m has_order_for 
    RETURN {id: p.Patient_id, dob: p.DOB}

AQL feels a bit like the combination of a query language as well as a
traversal language. That said, we can see that the queries increase in
complexity similar to Cypher and Gremlin.

Resource Description Framework (RDF) Databases
RDF graphs  have been around for a long time and are part of the W3C
(World Wide Web Consortium)  and are part of the Semantic Web.  RDF
graphs are extremely flexible and quite powerful given the tradeoff that
they have a fairly steep learning curve and, as a result, often carry the
stigma that they are “too academic.”

You may often hear RDF graph databases referred to as triple stores. This
comes from the idea that RDF graphs are a collection of triples of the form
subject-predicate-object (referred to as an RDF triple), as shown in
Figure 2-6.

Figure 2-6. RDF Triple

While Figure 2-6 shows a diagram very similar to what we saw with
property graphs, they are a bit more abstract in the sense that everything in
an RDF graph is stored as a triple. In other words, what would be a column
in a relational database or a property in a property graph database is itself
an RDF triple. Figure 2-7 shows how a property graph would store and
represent a particular patient with an ID of 1234 and a date of birth of
2020-01-01.

15
16 17



Figure 2-7. Property vs. RDF Graph Patient Example

In the RDF represetation of a patient, the circle is the subject in three
different triples — one each for the birth date, patient ID, and the type of the
node. The predicate provides the context of how the object should be
interpreted. In this case, the predicate is what tells us that 2020-01-01 is
actually a birth date and 1234 is a patient identifier.

The power behind this approach is that nearly anything can be modeled
using this basic schema. You may have also noticed that a particular
notation is used throughout the example, consisting of two strings separated
by a colon. This is an adaptation of XML namespacing where a namespace
can be defined that corresponds to the base of a URI, to which an identifier
can be appended. The key point here is that RDF relies heavily on URI’s
(uniform resource identifier). Because URI’s for a particular semantic



context often have the same base, the use of namespaces allows us to
simplify the representation, making it more compact and easier to read.

Because RDF was created as a standard to represent data and information
on the web, URI’s are baked into the underlying standard. The idea is that
any particular idea or notion is backed by a clearly defined concept that is
accessible at the specified URI. This allows anything represented as RDF to
be self-describing. This is particularly important in the context of the
semantic web because anyone should be able to publish and link
information to anything else on the web. Unlike with most database systems
(where information models are designed to support very specific use cases),
RDF was designed to support open information models.

In Figure 2-7, the schema namespace (used in schema:birthData) is
used to shorten the URI https://schema.org/birthDate. The
base https://schema.org/ is shortened to schema so that we don’t
need to list the entire URI. Similarly, the ex namespace is a completely
fictional namespace made up for this example. It could easily refer to
something like https://mydomain.com/example/ or anything else.
The one requirement is that the URI be resolvable and provides specific
details of the underlying resource. As you may notice, https is used in the
examples above — there is a general discussion  over the use of http vs.
https though that is generally beyond the scope of this book. The key
point to remember is that resources are identified by unique URI’s.

SPARQL Protocol and RDF Query Language (SPARQL)
SPARQL (pronounced “sparkle”) is the underlying query language for RDF
graphs. As part of the semantic web standard, it is fully open and
implemented by many different vendors. Of course, RDF triple stores
implement SPARQL but many property graphs also have SPARQL
implementations as well. For example there is a SPARQL-gremlin
connector  such that SPARQL could be run against any database
supporting gremlin.
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SPARQL looks very similar to SQL in many ways but integrates concepts
such as namespaces and URI’s. One thing you will notice in Example 2-6 is
the addition of PREFIX — this allows query authors to shorten their
queries by taking advantage of namespacing. Otherwise, the query should
be very similar to SQL. However, you will likely notice that the WHERE
clause is a bit more verbose and reflect the subject-predicate-object nature
of RDF. Every clause in the WHERE block is itself a triple.

Example 2-6. Medication Orders with Patient Date of Birth in SQL
# Get the medication ID for acetaminophen
PREFIX schema: <http://schema.org/>
PREFIX ex: <http://mydomain.com/some_example/> 
 
SELECT ?medication_id
WHERE { 
  ?medication ex:medication_name "Acetaminophen (Tylenol)" . 
  ?medication ex:medication_id ?medication_id .
} 
 
# Get all patients on acetaminophen via the has_order_for 
relationship 
 
SELECT ?patient_id
WHERE { 
  ?medication ex:medication_name "Acetaminophen (Tylenol)" . 
  ?patient ex:has_order_for ?medication . 
  ?patient ex:patient_id ?patient_id .
} 
 
# Get patient IDs and date of birth on acetaminophen via the 
has_order_for relationship
SELECT ?patient_id ?dob
WHERE { 
  ?medication ex:medication_name "Acetaminophen (Tylenol)" . 
  ?patient ex:has_order_for ?medication . 
  ?patient ex:patient_id ?patient_id . 
  ?patient schema:birthData ?dob .
}

This syntax may take you a bit of getting used to but is extremely flexible
and powerful. The RDF approach allows for a lot of flexibility in
representing different data and information models. However, this
flexibility comes with a common tradeoff — performance. Because the data



are stored as a series of triples, queries of large graphs can incur significant
latency. Depending on your use case, this may be acceptable or the
flexibility is worth the cost of servers with significant CPU and RAM
resources.

Hypergraph Databases
Hypergraphs are not nearly as common when considering the landscape of
graph databases. When someone mentions “graph database,” nearly
everyone will assume you are talking about a property graph or RDF
database. In a property graph, an edge connects exactly two vertices (or, a
relationship connects two nodes). A hypergraph, on the other hand, contains
hyperedges which can connect any number of vertices. In Figure 2-8, I
compare a property graph representation and a hypergraph representation of
the same information.

Figure 2-8. Property Graph vs. Hypergraph

As you can see, node A is connected to nodes B and C via the relationship
some_edge. In a property graph database, two separate relationships are
stored, A->B and A->C. In the hypergraph representation, a single edge is
stored but that edge connects A to both B and C. Additionally, the
hypergraph database I will be covering in this book also treats hyperedges
as a vertex itself. This means that an edge can itself be part of another edge.



You may be scratching your head a bit and wondering why would we want
to treat an edge as a vertex and wouldn’t that confuse things? Yes, this can
be a difficult concept to wrap your head around and may feel very “meta.”
In the example we have been using around patients and medication orders,
the hypergraph idea does not provide any benefit. After all, our relationship
is only connecting two nodes anyways (a patient and a medication via the
has_order_for relationship). The hypergraph representation is exactly
the same. But, what about the situation for combination therapies where
multiple medications are ordered for a single patient? Figure 2-9 illustrates
an example where a patient may be on multiple medications, A, B, and C.

Figure 2-9. Property Graph vs. Hypergraph with Multiple Medications

The additional context, however, is that medications A and B must be taken
together as a combination therapy — the patient should not take one without
the other. Additionally, the patient is also on medication C. In the property
graph representation, it is unclear if the patient just happens to be on three
separate medications at the same time or if A and B are ordered together. In
the hypergraph represeation, this is made very clear since A and B are
connected via the same has_order_for relationship. Of course, we can
solve this by adding additional properties or nodes to the property graph
representation but we are now changing the representation of the data to
account for shortcomings in the underlying graph representation.

TypeDB and TypeQL



When I first started this book, the hypergraph database I intended to cover
was Grakn from Grakn Labs. However, since then, they have rebranded the
database to TypeDB from Vaticle. As such, they are no longer calling
themselves a hypergraph database but a strongly-typed database. That said,
the underlying functionality that they provide still allows us experiment
with hypergraph structures so I will still use their database when we cover
hypergraphs, even if they are no longer really considering themselves a
graph database.

Example 2-7. Medication Orders in TypeQL
# Get the medication ID for acetaminophen 
match 
$medication isa Medication, has Medication_name "Acetaminophen 
(Tylenol)", has Medication_id $id; 
get $id; 
 
# Get all patients on acetaminophen via the has_order_for 
relationship 
match 
$medication isa Medication, has Medication_name "Acetaminophen 
(Tylenol)"; 
$patient isa Patient; 
(patient: $patient, medication: $medication) isa order; 
get $patient 
 
# Get patient IDs and date of birth on acetaminophen via the 
has_order_for relationship 
match 
$medication isa Medication, has Medication_name "Acetaminophen 
(Tylenol)"; 
$patient isa Patient, has dob $dob, has Patient_id $id; 
(patient: $patient, medication: $medication) isa order; 
get $dob, $id;

As you can see, TypeQL has a structure very similar to the other query
languages and makes it pretty clear and easy to query across relationships
or properties.

Conclusion
The intent of this chapter was not to make you an expert in the different
types of graph databases. My goal was simply to give you a high level



overview of each and how their query languages compare to one another. I
will dive much more deeply into each of these types of databases
throughout the remainder of this book, particularly in the context of
analyzing electronic health record and claims data.

The choice of which database to use depends on many factors and generally
beyond the scope of this book. As with any data project, the decision rests
between a set of functional and non-functional requirements. Of course, the
query language and underlying representation of the data are important
considerations. But, as with nearly any software project, you can use any
database to accomplish the task at hand — it may just require additional
engineering on your part.

When looking at graph databases specifically, you may hear the term
“graph-native” used quite a bit. Given the growing popularity of graph-
based representations of data, many database vendors are starting to support
graphs. Whether the database was originally a SQL database, document
store, or even key-value store, you can find one that also supports graphs in
some capacity. While any database can be used to represent a graph, graph-
native refers to how the underlying data are stored. Particularly, graph-
native databases provide index-free adjacency. That is, nodes that are
connected by relationships are stored such that the retrieval of related
nodes/edges does not require additional indexing.

This may or may not be a concern for you. After all, does it matter if the
underlying database requires additional indexing to provide graph
functionality? For small graphs, this may not matter. For large graphs, the
indexes themselves could become very large and non-performant. This is
one example of the types of additional considerations when considering
graph databases.
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Chapter 3. Standardized
Vocabularies in Healthcare

A NOTE FOR EARLY RELEASE READERS
With Early Release ebooks, you get books in their earliest form—the
author’s raw and unedited content as they write—so you can take
advantage of these technologies long before the official release of these
titles.

This will be the 3rd chapter of the final book. The GitHub repo for this
book is available at https://gitlab.com/andrew-nguyen/hands-on-
healthcare-data.

If you have comments about how we might improve the content and/or
examples in this book, or if you notice missing material within this
chapter, please reach out to the editor at mpotter@oreilly.com.

In this chapter, we cover standardized vocabularies, controlled
vocabularies, terminologies, and ontologies. These are general computing
concepts often referred to as semantic computing (and typically in the
context of the semantic web), and are non-specific to healthcare/medicine.
However, healthcare is one domain that leverages these concepts than most
other domains. We will refer to these concepts collectively as semantic
technologies throughout this chapter.

If there is a single technical chapter in this book that differentiates it from
other data books, it would be this one. Many of the challenges when
working with healthcare data are both mitigated by the use of semantic
technologies. For example, ICD codes (International Classification of
Diseases) are often used to track diagnoses within EHR’s. This is intended
to simplify our approach to data and to standardize how we code diseases.

https://gitlab.com/andrew-nguyen/hands-on-healthcare-data
mailto:mpotter@oreilly.com


This allowed clinics and hospitals throughout the country to submit claims
for reimbursement from the government and insurance companies.

On the other hand, maintaining and managing such controlled vocabularies
becomes a core informatics function that can often feel distracting and
unwieldy. Continuing our ICD example, as data scientists, we will need to
find ways to harmonize data on several levels:

1. Different organizations use terms/concepts differently

While ICD is intended to be a standard, the nuances around
choosing one code over another similar code is dependent on local
context. For example, is the code being chosen as part of a
reimbursement claim, is it being used for reporting cause of death,
or is it being entered by a clinician or billing specialist? This sort
of context (as we discussed a bit in Chapter 1) plays a major role in
how codes are interpreted and normalized. Despite the use of
standardized coding systems such as ICD-9 or ICD-10, we still
need to answer these sorts of questions when working with
healthcare data.

2. Different releases and versions of ICD (e.g., ICD-9 vs. ICD-10)

While ICD is sometimes thought of as a single standard, there are
actually several different versions of ICD. Most data being
generated today that is coded using ICD will use ICD-10. The
majority of the world has been using ICD-10 for decades. The
United States made the decision in 2009 to adopt ICD-10 but the
final implementation was not until 2015
(https://www.cms.gov/Medicare/Coding/ICD10). As a result, you
are likely to encounter data coded in both ICD-9 as well as ICD-
10, depending on when and where it was collected. To make it
more challenging, ICD-11 has been though not yet formally
adopted by most countries and organizations
(https://icd.who.int/en).

https://www.cms.gov/Medicare/Coding/ICD10
https://icd.who.int/en


Even within a particular version of ICD-9 or ICD-10, there are
different “releases.” There releases occur on multiple levels,
making it very difficult for data producers/collectors and data
scientists alike. The WHO publishes official releases
(https://www.who.int/standards/classifications/classification-of-
diseases/list-of-official-icd-10-updates). Additionally, local health
agencies (e.g., Center for Medicare and Medicaid Services) also
modify and publish updates to the coding systems
(https://www.cms.gov/Medicare/Coding/ICD10).

As if managing these different levels of releases weren’t complex
enough, there are also guidelines on how the codes should be used.
So, as shown in Figure 3-1, in addition to knowing which release
of ICD (e.g., ICD-10), you would need to know which updates
have been applied to the data, what local modifications there may
be, and then which version of guidelines were used to choose the
appropriate code.

Sometimes, it is impossible to get clarity at all levels but it is
important to realize that each of these layers has some effect on the
data and how they should be interpreted. For example, if one
hospital is using the 2005 update of ICD-10 and another hospital is
using 2010, this may have a direct impact on the comparability of
codes between the two hospitals.

https://www.who.int/standards/classifications/classification-of-diseases/list-of-official-icd-10-updates
https://www.cms.gov/Medicare/Coding/ICD10


Figure 3-1. Layers of ICD Complexity

Case Study Example: EHR Data
As discussed in Chapter 1, data from electronic health records is highly
fragmented and complex. In this section, I will introduce the MIMIC
(Medical Information Mart for Intensive Care) dataset
(https://mimic.mit.edu/docs/iii/), a publicly available research dataset
released by Harvard and MIT. The dataset originally started with intensive
care patients from the Beth Israel Deaconess Medical Center in Boston,
Massachusetts. Generally, it is an extract of data from the hospital

https://mimic.mit.edu/docs/iii/


electronic health record system and associated modules (imaging, claims).
The current release of the MIMIC data is MIMIC-IV.

However, the MIMIC-IV dataset does not have a version of the data in the
native schema that is accessible without a data use agreement (DUA). The
only public data for MIMIC-IV is currently in the OMOP format. While we
will discuss the OMOP data structure a bit in this book, one of the key
points of focus is the comparison of the native data model with the OMOP
data model.

COMPLEXITY OF MIMIC DATA
MIMIC is an extremely valuable dataset and provides good insights into the data
contained within an electronic health record. However, it is also important to note that it
is the product of an entire biomedical informatics team. The data have been cleaned,
curated, and de-identified using both automated and manual techniques. As a result,
while you will get first hand experience with many of the complexities when working
with EHR data, you are also getting the benefit of this expert team’s help in cleaning
and curating the data to some degree.

Although the MIMIC data have been cleaned and curated a bit, it still
suffers from many of the data quality challenges you would typically
encounter when working with electronic health record data. In the context
of ICD codes, as you can see in the MIMIC documentation
(https://mimic.mit.edu/docs/iii/tables/d_icd_diagnoses/), the schema for the
table d_icd_diagnoses (containing data on diagnosis codes) has a
column named icd9_code. This tells us that all of the codes in this
particular database are using ICD-9 codes, despite the fact that we are
currently using ICD-10 codes throughout the industry.

In the context if the pyramid in Figure 3-1, we would document that ICD-9
codes are the only codes being used in this dataset for the bottommost layer.
For the next two layers, we would need to query the documentation or talk
to the project team to see which particular updates and modifications of
ICD-9 were used by the medical center. Since this is a medical center in the
United States, we know that they are using the clinical modification, known

https://mimic.mit.edu/docs/iii/tables/d_icd_diagnoses/


as ICD-9-CM. For the topmost layer of the pyramid, we want to find out
who generated these codes and what guidelines were used. For example,
were these captured as part of the billing process, assigned by a medical
billing expert or clinician, or via some automated system?

If we look at the documentation for the diagnoses_icd table
(https://mimic.mit.edu/docs/iii/tables/diagnoses_icd/), we see a few key
statements:

The ICD codes are generated for billing purposes at the end of
the hospital stay.

All ICD codes in MIMIC-III are ICD-9 based. The Beth Israel
Deaconess Medical Center will begin using ICD-10 codes in
2015.

The code field for the ICD-9-CM Principal and Other Diagnosis
Codes is six characters in length, with the decimal point implied
between the third and fourth digit for all diagnosis codes other
than the V codes. The decimal is implied for V codes between the
second and third digit.

—MIMIC-III Documentation: diagnoses_icd table

Based on this, we know that the codes were generated for billing purposes
so they may not accurately reflect the patient’s true clinical status (as we
discussed in Chapter 1). Additionally, we have confirmed that this dataset
only contains ICD-9 codes since ICD-10 codes were not integrated into the
medical center’s systems until 2015. While the documentation does not go
into any detail about which guidelines were used or whether an autocoder
was used or not, we have a much better understanding of this particular set
of codes. Based on this, if we were trying to identify certain cohorts of
patients, we know that we can start with these ICD codes but will also have
many false negatives (e.g., patients may have cancer but because their stay
at Beth Israel may have been for a completely unrelated condition, they
may not show up in the dataset because they were not billed for any cancer

https://mimic.mit.edu/docs/iii/tables/diagnoses_icd/


services), and false positives (e.g., a particular ICD code was assigned for
billing purposes but may not reflect a patient’s current clinical status).

Controlled Vocabularies, Terminologies, and
Ontologies
In healthcare, there is a varying degree of adoption of ideas from the
semantic web. As such, you may hear informatics folks talk about
ontologies or vocabularies. In most cases, adoption of these ideas attempt to
remain true to the W3C standards. However, there is one big difference
between the goals of the semantic web and how we use these ideas in
healthcare — the semantic web sets the foundation for connecting data,
information, and knowledge across the open web; in healthcare, we often
have a much narrower and highly curated view of the world, focusing on
very nuanced interpretations. Consequently, we see varied adoption of
semantic web ideas and standards, some more rigorous than others.

Whenever you hear someone talk about semantic web concepts such as
ontologies or vocabularies, it would be prudent to find out how that term is
being used. For example, if someone says, “I built an ontology for
Parkinson’s Disease,” you should be wondering if they had collected a
handful of concepts pertaining to Parkinson’s Disease (PD) or if they had
developed a formal definition of PD and its symptoms and medications in
the Web Ontology Language (OWL, https://www.w3.org/OWL/), or
anything in between.

Per the W3C, the distinction between vocabulary and ontology is not very
clear — “The trend is to use the word ontology for more complex, and
possibly quite formal collection of terms, whereas vocabulary is used when
such strict formalism is not necessarily used or only in a very loose sense.”
(https://www.w3.org/standards/semanticweb/ontology)

In any case, it is generally accepted that vocabularies are a collection of
terms and their definitions, representing a set of concepts used in a
particular context. For example, the set of ICD-10 codes could be

https://www.w3.org/OWL/)
https://www.w3.org/standards/semanticweb/ontology


considered a vocabulary. Other examples include the dropdown list of
medications that were hand-coded within a homegrown electronic health
record, or the list of COVID symptoms in your employer’s health screening
app. In some cases (e.g., ICD-10 or SNOMED-CT), the vocabularies are
explicitly developed and maintained by subject matter and domain experts
to serve as industry-standard vocabularies. In other cases (as with many
desktop and mobile apps), the vocabularies are developed implicitly by
software developers and IT professionals. Though there was likely input
from subject matter experts, the intent was to provide certain app
functionality and not necessarily to create a rigorous set of terms and their
definitions.

As data engineers and scientists, it is critical to fully understand the source
of vocabularies that you encounter.

Pre-Coordination vs. Post-Coordination
Controlled vocabularies can be very useful when dealing with data as
complex as real world data. We want to minimize ambiguity as much as
possible and capture the meaning and context as precisely as possible.
However, the concepts we frequently encounter in biology and medicine are
quite complex, and are often a combination of more fundamental concepts.
For example, if someone suffers a fracture of their right ulna (the forearm
bone on the pinky side), how do we capture this within the context of a
controlled vocabulary?

We could create separate concepts for laterality (right), type of injury
(fracture), and bone (ulna), and combine them as necessary. This is called
post-coordination. The challenge with this approach is that we would need
to combine them to capture any specific injury. Additionally, we may end
up situations where the combination does not make any clinical sense. Take,
for example, the oversimplified example of laterality, type of injury, and
bones within the body, as captured in Table 3-1. Using the post-
coordination approach, we would choose one value from each column. This
would cover our previous example of a “fracture of the right ulna” but it
could also allow someone to code the “fracture of the right coccyx.” Also



known as the tailbone, the coccyx is at the base of the spinal column and
thus does not have a laterality. So, “fracture of the right coccyx” would be
confusing.
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Laterality Injury Body Part

Left Fracture Ulna

Right Sprain Radius

… Coccyx

…

Our solution to this could be to make laterality optional. So, one could just
leave that particular value blank, allowing for “fracture of the coccyx” to be
a valid combination. However, this then sets us up for potential data quality
issues — would we also accept “fracture of the ulna” as a valid concept? In
this case, laterality is applicable but absent.

The other approach would be to use pre-coordination. Instead of providing
three separate lists to choose from, we could pre-specify all of the possible
combinations: fracture of the left ulna, fracture of the right ulna, fracture of
the coccyx, etc. In this situation, we could specify all valid combinations
and prevent invalid combinations. The tradeoff, however, is that we could
have very long lists of combinations that may be possible but seldom
observed in real patients. Also, if we were to use these pre-coordinated
terms as part of a list of options, the user interface would need to display
hundreds to thousands of options, even after an initial filter.

You might be wondering which is the “better” option — pre-coordination or
post-coordination. As with most things when it comes to healthcare real
world data, the answer is it depends. If you are mapping data such that
invalid combinations are unacceptable, then a pre-coordinated approach
might be best. On the other hand, if a pre-coordinated approach creates an
intractable number of options, a post-coordinated approach may be better.



Also, you may be restricted based on other aspects of your stack. For
example, if you’re working with data that needs to be stored in OMOP, you
will need to use pre-coordination. As we will discuss more in the next two
chapters, the OMOP common data model assumes pre-coordinated
concepts.

Common Coding Systems
Since the UMLS is a collection of industry standard controlled vocabularies
and terminologies, we will cover a few commonly used ones at a high level.
This will give you a bit of background necessary as we dive into electronic
health record and claims data in the next couple chapters.

The systems discussed in this section are the ones that I have encountered
most often but the list below is not exhaustive — there are definitely others!
The explanations I provide below are mainly to guide the interpretation of
data as data engineers and data scientist. They do not necessarily capture
the full nuance and complexity of the delivery of healthcare services. For
example, there are additional code systems used in US healthcare
reimbursement such as HCPCS (Healthcare Common Procedure Coding
System, https://www.cms.gov/Medicare/Coding/MedHCPCSGenInfo) and
DRG (Diagnosis Related Group, https://www.cms.gov/Medicare/Medicare-
Fee-for-Service-Payment/AcuteInpatientPPS/MS-DRG-Classifications-and-
Software) codes.

ICD-9 and ICD-10
Some of the most common codes you will encounter when working with
real world data are ICD codes. Since 2015, the United States has
transitioned entirely over to ICD-10. Prior to 2015, we were using ICD-9
codes. The majority of the world has been using ICD-10 codes for much
longer!

As with most things in healthcare, things can get pretty complicated pretty
quickly. “ICD-10” in its purist sense should refer to the World Health
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Organization’s (WHO) release of ICD-10 since they are the official
maintainers of the ICD coding system. The WHO version contains only
diagnosis codes.

However, if you are working with US healthcare organizations, most of the
time, people mean ICD-10-CM even if they just call it “ICD-10.” The -CM
stands for “clinical modification” and includes modifications that are
specific to the US healthcare system. In addition to ICD-10-CM, there is
also the ICD-10-PCS, an extension to ICD-10 focused on procedure codes.
Again, this is a US-specific modification and not part of the official WHO
release.

CPT
Another controlled vocabulary that is focused on procedures is the Current
Procedural Terminology, managed by the American Medical Association
(https://www.ama-assn.org/amaone/cpt-current-procedural-terminology).
Generally, CPT codes are used to bill for physician and outpatient services
while ICD codes are ultimately used to bill for in-patient hospital
procedures.

SNOMED-CT
SNOMED CT (though generally referred to as just SNOMED, pronounced
“snow med”) is the Systematized Nomenclature of Medicine
(https://www.snomed.org/). It is much more comprehensive than other
commonly used coding systems and covers both the delivery of healthcare
and medicine (e.g., diagnoses, procedures) as well as more generalized
biomedical knowledge (e.g., anatomy, chemistry, microorganisms). One of
the most powerful features is that these concepts are all connected by
semantic relationships, making SNOMED more of an ontology than a
simple controlled vocabulary.

These relationships connect the many different types of concepts allowing
for queries such as “all diseases related to the heart.” While extremely
powerful and certainly helpful for us as data scientists, it is very important

https://www.ama-assn.org/amaone/cpt-current-procedural-terminology
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to remember that the “knowledge” contained within SNOMED is curated
by committees of experts that are always playing catch-up. The field of
medicine, from our understanding of biological processes to the practice of
medicine itself, is constantly evolving. As a result, the content of SNOMED
(both the concepts as well as the relationships), may not be fully aligned
with the data that you are working with. Avoid the trap of thinking that “oh,
we have SNOMED so we no longer need additional domain expert
curation” of either the data or the mappings of your data to various coding
systems.

Additionally, keep in mind that SNOMED has hundreds of thousands of
terms! One thing that I have noticed in many projects and datasets is that
sometimes the choice of codes appears inconsistent or confusing. There are
many reasons for this — ranging from annoyed clinicians choosing any
code so that they can proceed to the next screen, to many codes sound
similar and it may not be apparent which code is optimal. In addition, when
you have this many terms and a diversity of professional backgrounds and
experience, it is almost guaranteed that you will have inconsistencies in the
data.

SNOMED CODE EXAMPLE
One example of how the “wrong” code might get chosen can be found when looking at
myocardial infarctions (heart attacks). Say we have two patients who are admitted with
a diagnoses of “acute posterior myocardial infarction” and someone chooses SNOMED
code 233838001 (“acute posterior myocardial infarction”) for the first patient while
someone else chooses 57054005 (“acute myocardial infarction”) for the second patient.

The latter code is not wrong, it is simply not as specific. Perhaps the second person did
not have this level of specificity at the time of coding or simply did not think it was
necessary to capture this level of specificity. In either case, this can create challenges for
us since any trained models will treat these as separate categorical variables.

LOINC
Another common set of codes are known as LOINC (Logical Observation
Identifiers Names and Codes, pronounced “loink”) codes. We often think of

https://loinc.org/


LOINC codes in terms of lab tests (e.g., blood tests) but they help capture
many different types of observations. For example, surveys and
questionnaires, and even imaging codes are available within LOINC.

LOINC codes provide quite a bit of knowledge about the underlying test or
observation. For example, take the LOINC code 57698-3 (Lipid panel with
direct LDL-Serum or Plasma—we know that it is a part of a chemistry
panel, that it is a point-in-time test (vs. over a time interval), and that it is
something that is explicitly ordered.

Using the Unified Medical Language System
(UMLS)
The Unified Medical Language System (UMLS) is a project that is funded
and maintained by the United States National Library of Medicine (NLM),
one of the institutes within the National Institutes of Health (NIH). You may
hear folks refer to the UMLS as a ontology or a terminology though this is
not really accurate — the UMLS is more of a collection of terminologies
and vocabularies of varying complexity. Some sources, such as SNOMED-
CT, are very close to being ontologies and many may consider them to be
ontologies. However, they are not necessarily defined and maintained using
the rigor that one might expect of a formal ontology.

Often, these definitions are within a particular context and not necessarily
generalizable to other contexts or use cases. This is a particularly important
point to note as we diver deeper and deeper into the complexities of
healthcare and healthcare data. For example, take the idea of “therapy” —
how would you define this based on your knowledge of healthcare? Most
think of sessions with a therapist. However, in cancer, “therapy” most often
refers to a particular course of treatment for the cancer itself, such as
chemotherapy. So, we may develop or use a controlled vocabulary that
includes the term “therapy” in cancer and its definition and meaning would
be very different than if we were using a vocabulary in the field of
psychiatry or psychology.

https://loinc.org/57698-3


One of the first steps when working with healthcare data is to identify the
controlled vocabulary underlying the data. Whether the data are coming
from relational databases (which we most often associate with structured
data) or is more free-text in nature, there is most certainly an underlying
vocabulary. Most clinical natural language processing (NLP) techniques are
attempts at automatically identifying the concept that is synonymous with a
particular string of text.

Unfortunately, depending on use case, a controlled vocabulary may not yet
be clearly defined and you are tasked with (implicitly) defining one. Data
scientists do this all the time when given a new dataset. We take a particular
column of data and identify that it contains some sort of categorical data.
As part of the exploratory data analysis (EDA) phase, we will look at the
distinct/unique values contained within the particular column of data. We
might look to other columns to add additional context as we decipher the
meaning of the data. This process is basically the creation of a controlled
vocabulary for this particular dataset.

Sometimes, we are told that the column of data “contains ICD-10 codes” or
“contains medications,” giving us a starting point. Ideally, the source data
used an industry standard controlled vocabulary. However, don’t be lulled
into thinking your work is done. Despite industry standard vocabularies, the
surrounding context may have significant impact on how the code is to be
interpreted. For example, we may come across a dataset that uses RxNorm
(a commonly used source within the UMLS) codes to capture medication
information.

Let’s take, for example, “ibuprofen 200 mg” (e.g., Advil or Motrin) has an
RXCUI code of 316074. We may have a dataset that clearly says
medications use RxNorm as the underlying coding system for medications,
and a column named medications. Are these medications that are part of the
patient’s medical history, list of currently prescribed medications, or
something that the patient is taking over the counter? This sort of context is
critical to interpreting and analyzing patient-level data and is not solved by
the UMLS.



Some Basic Definitions
Before we dive deeper into the UMLS and how to use it, let’s cover some
basic definitions. Additional details can be found in the UMLS Glossary
(https://www.nlm.nih.gov/research/umls/new_users/glossary.html).

1. Atom — Atoms are the most fundamental block of meaning within
the UMLS. Each atom represents a concept in the context of a
single source within the UMLS. Typically, an atom can be thought
of as a tuple of a string label, code, and source. Thus, the same
string label (and concept) in different sources (e.g., ICD-9 vs. ICD-
10) would be treated as different atoms, each with their own atom
unique identifier (AUI) (see figure Figure 3-2 for a comparison of
concepts and atoms).

2. Atom Unique Identifier — An AUI is a numeric identifier prefixed
by the letter “A.” Unlike CUIs, the same concept across multiple
different sources within the the UMLS will have different AUIs.
As a result, there is no inherent meaning when looking at AUIs.
Their main function is to provide primary-foreign key relationships
across the UMLS.

3. Concept — Concepts sit at the core of the UMLS and represent a
single meaning, regardless of source of textual representation. The
same concept is likely to exist across sources within the UMLS — 
while the atoms and AUIs will be different across the sources, they
will all share the same CUI if the atoms represent the same
concept. In the example in figure Figure 3-2, the two atoms
represent the same concept across ICD-9 and ICD-10 so they share
a common CUI.

1. Concept Unique Identifier (CUI) — A CUI is a numeric identifier
prefixed by the letter “C” such that each CUI is unique and
synonymous concepts share the same CUI. Regardless of the
underlying source or textual representations, two concepts that
share a CUI are considered equivalent in meaning.

https://www.nlm.nih.gov/research/umls/new_users/glossary.html


2. Source — The UMLS is a collection of vocabularies,
terminologies, and ontologies, each referred to as a source. So, we
can think of the UMLS as a collection of sources and mappings
and relationships between them. In addition to mapping at the
conceptual level, the UMLS has additional tools such as the lexical
variant generator
(https://www.nlm.nih.gov/research/umls/new_users/online_tylearni
ng/LEX_001.html) that operate on the level of text/words.

Figure 3-2. Concepts and CUIs vs. Atoms and AUIs

Concept Orientation
Whether we are working with a controlled vocabulary, terminology, or
ontology, one of the common themes is that we try to focus on the
underlying concepts, not the labels or terms used to describe them. For
example, whether we call it a “heart attack” or a “myocardial infarction” or
the ICD-10 code “I21,” we are referring to the medical condition where a
coronary artery in the heart is occluded, thus resulting in death of heart
muscle and tissue.

Within the UMLS, this is captured via the use of concept unique identifiers
or CUI which are randomly generated numeric codes prefixed with the
letter “C.” Each CUI represents a specific concept which may be
represented by several different atoms
(https://www.nlm.nih.gov/research/umls/new_users/glossary.html), each

https://www.nlm.nih.gov/research/umls/new_users/online_tylearning/LEX_001.html
https://www.nlm.nih.gov/research/umls/new_users/glossary.html


corresponding to an entry of the concept in a particular source within the
UMLS.

The key thing to remember when working the UMLS is that it is centered
around the use of CUIs. Equivalent concepts, regardless of the atoms or
strings that represent them, will share the same CUI across the different
sources. In other words, if two terms or concepts from different source
terminologies within the UMLS share the same CUI, they are considered
synonymous. That said, it is important to remember that the idea of
“equivalence” or “synonymous” can be highly use case dependent. Two
concepts may be considered equivalent from one perspective but not
another. The UMLS

Working with the UMLS
To get access to the UMLS, you will need to apply for a license. Please visit
the following link to register and apply.

https://uts.nlm.nih.gov/uts/license

Given its scale and complexity, there are several different ways people
typically use and work with the UMLS.

1. Download the raw UMLS files and use MetamorphoSys
(https://www.nlm.nih.gov/research/umls/implementation_resources/
metamorphosys/index.html).

This is the most flexible but also has a higher learning curve since
you will need to decide which sources you want to include, and
then use the MetamorphoSys tool to generate the subset of interest.
Once you have done this, you will still need to ETL it into a
database of some sort (or access the raw RRF files directly).
Depending on which source(s) you choose to include in your
subset, the resulting RRF files may be quite large.

We often look to downloading entire sources using this approach
when we don’t know which concepts we will need to load so we
load them all. For example, a the informatics department of an

https://uts.nlm.nih.gov/uts/license
https://www.nlm.nih.gov/research/umls/implementation_resources/metamorphosys/index.html


academic medical center that is supporting all research informatics
can’t predict which concepts may be used by different researchers.
In this situation, it may be worth the upfront hassle so that they can
support nearly any research question.

2. Use the UMLS REST API
(https://documentation.uts.nlm.nih.gov/rest/home.html)

If you don’t need or want to download entire sources of the UMLS,
the REST API becomes a very attractive alternative. Since it is a
straightforward REST API, you don’t need to learn how to interact
with MetamorphoSys and deal with parsing and ETL’ing RRF
files. You would query the appropriate API endpoint and parse the
JSON results as you would any other API.

This API approach is great when you know that you are dealing
with a constrained set of concepts. For example, in the next
chapter, we will be working with the public subset of the MIMIC-
III dataset. Instead of downloading hundreds of thousands of
concepts from UMLS, we could do some quick processing of the
MIMIC-III data to extract a distinct list of codes. We then look
these codes up in the API and load the concepts into our database
of choice; or we simply export them into a CSV file that we can
use later on in our project.

Hands-On Exercises
In the associated Jupyter notebook (https://gitlab.com/andrew-
nguyen/hands-on-healthcare-data/-/blob/trunk/notebooks/umls-prep.ipynb),
we walk through a series of steps to process and extract concepts from the
UMLS following the second approach discussed above.

At a very high level, we will do the following:

1. Read in the PRESCRIPTIONS.csv file from the MIMIC-III
public dataset

2. Extract a unique list of NDC codes

https://documentation.uts.nlm.nih.gov/rest/home.html
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3. For each NDC code, we retain the various string labels associated
with the NDC code along with the code itself

4. Query the UMLS REST API for each NDC code and download the
RxCUI and concept name per the UMLS. Note that this step is the
most time consuming since we make a separate call to the server
for each code. Because of this, we use the multiprocess library
(https://pypi.org/project/multiprocess/) to parallelize the job.

5. Save the processed results to a CSV file to make it easier to load
this file into each typ1e of database

Review of UMLS
This chapter was intended to give you a high level introduction to the
UMLS and begin to orient you a bit to working with it in the context of
different databases. In the next two chapters, we will see how the UMLS
helps us work with EHR and claims data.

Some key points to keep in mind:

The UMLS is concept-oriented and it is easiest to focus on
concepts and concept unique identifiers (CUIs). Very rarely will
we, as data scientists, need to worry about details such as atoms
and lexical variants.

The UMLS is a collection of sources that are maintained and
managed by independent organizations. The UMLS provides some
linkages between these various coding systems but is not intended
to be exhaustive.

Interpreting the knowledge that is contained within the UMLS and
its sources is highly dependent on the use case. Assuming that the
concept and relationship definitions within the UMLS are “good”
without manually validating this is a recipe for disaster.

https://pypi.org/project/multiprocess/
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