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The digitalization of health records has enabled the collection of large-scale valuable datasets
on healthcare. However, it has led to complaints about the diminishing value of medical notes,
and often contributes to the growing physician burnout. Since writing good notes can potentially
improve the quality of healthcare, it is important that doctors get some machine assistance with
writing notes and bridge that gap in quality. Therefore, we examine the value of medical notes
compared to the structured information in electronic health records through a prediction framework.
We hypothesize that 1) medical notes provide additional predictive power to structured information;
2) certain parts of medical notes are more valuable than others (for example, original vs. “copy-
pasted”). To evaluate our hypotheses, we use the task of in-hospital mortality prediction, using
timeseries derived from structured information for the first 24 hours and first 48 hours of a patient’s
admission. We run an additional retrospective mortality prediction task where we use all of the
data associated with the patient’s admission. Our results show that although medical notes bring
only marginal predictive value to structured information, using them together consistently improves
the prediction. Surprisingly, we also find that the usage of more common English words in notes
provide more value than the uncommon English words (which also includes Medical words). Our
findings indicate that there is great room for further understanding and improving the value of

medical notes.
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Chapter 1

Introduction

1.1 Electronic Health Records - A Mix of Structured Information and Notes

A health record is a collection of documents that show a patient’s medical history, usually
associated with a hospital, clinic, or medical center. These documents record a wide variety of data
about each patient, which usually depends on the kind of problem that the patient has. But broadly
speaking, these documents cover two major kinds of information - structured, which are usually
numerical or categorical measurements taken of an item, from either the patient or the healthcare
providing equipment, and unstructured, which covers notes written by healthcare professionals,
explaining in words the problems the patient faces, the solutions that the former recommend, and
justification for such a recommendation.

Before the advent of computers and the Internet, health records have been maintained on
paper. But in the year 2000, it was revealed in Kohn et al.| [2000] that Paper-based Health Records
are prone to medical errors to a severe extent. These medical errors are prevalant in maintaining
structured information, whether they are incorrect drug prescription or mistaken patient identity.
As a result of these errors, more people have died in the year 1997 than the people who died
from vehicle accidents, cancer and AIDS. Not only does this fact make healthcare less trustwor-
thy amongst potential patients, but this also creates frustration amongst doctors and healthcare
providers as these mistakes were not deliberate. Hence, this course of events gave thought to a new
approach of solving this issue, which would be to use computers to store the healthcare records.

Not only does this medium bring down the possiblity of causing medical errors, but it also helps in
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Figure 1.1: Typical overview of Electronic Health Records and the kind of data they collect. Image

courtesy of Mohandas [2018].
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maintaining better medical histories.

As [Kierkegaard| [2011] has described, these Electronic Health Recordeﬂ are being increasingly

used in most places around the world and is considered to have opened the gates to new kinds and
far more comprehensive forms of medical data collection. Some of the kinds of data now being
collected are demographics, insurance, medical notes, allergies, medication, laboratory test results,

radiology images, and billing information.

According to the article by |[Johnson et al.| [2008] structured data and notes are often merged

together as one single narrative. Although this narrative seems to look like a merger of two dis-
tinct entities, it is not entirely true. There is a lot of information that is written down in notes,
but is actually structured information. They can either be written in the notes as a result of
doctors copying from structured information, or it can also be a result of the patient reiterating
this information when they have an interaction with the doctor. An example of this would be the
terms like allergies, fluid balance, vital signs, radiology reports, that are reiterated from structured
information to notes. On the other hand, information like demographics, billing, diagnoses, chart-
ing, laboratory results, input and output would largely be seen as a part of structured information,
whereas, information like chief complaints, social history, past medical history, family history, phys-

ical examination, assessment and plan are all the information doctors write after interaction with

! Electronic Health Records and EHRs have been used interchangably in this paper.



the patient, and hence are seen only as a part of notes. The Venn Diagram in Figure 1.2 gives an

overview of this distinction.

1.2 The Challenges of Writing Good Notes

As it is often said, ”Struggle is Not Exclusive”, meaning that everyone in this world face
challenges at some point in their lives, possibly due to exposure to new environments. And so,
as usage of Electronic Health Records increased, physicians and other kinds of doctors started to
feel the adversity of computing technology. As this article in The New Yorker [Gawande, [2018§]
describes in detail, hospitals or medical center managements can sign new contracts with software
developers to provide them an EHR platform, and doctors unaware with how to use these new
softwares do not really have time to learn it, since new hospital admissions happen all the time.
Hence it becomes harder for doctors to learn about their EHR software and attend to the patient
with their full mental capacity. This not only makes it a risk for potential patients, but also can
cause serious burnout amongst doctors because of increased and tireless hours of work per day.
This trouble does not seem to easen up as doctors start getting comfortable with this new software,
since different doctors have different ways of defining a problem which in turn can make it harder
to look up something to help a particular patient that they are attending to, because these EHR
systems generally are very centralized in nature and mix up information from different doctors.

But on the other hand, these systems have helped doctors to quickly check medical records
of patients with a similar medical history and can recommend what they can do with the patient
that they are currently attending. This has also helped patients, who now can also use the system
to retreive all of their medical history and also remain cautious about the necessary steps they can
take to avoid medical attention in future.

The other challenge as described by [Van Vleck et al|[2007] is the problem of information
overloading, i.e., EHRs have increased the scope of information collection to the extent that physi-
cians find it difficult to identify what pieces of information is relevant for them to write good notes.

It talks about how the notion of evidence-based medicine, which is the ability to make decisions



Figure 1.2: A Venn Diagram representation of Structured Information and Notes in a typical
Electonic Health Record. The intersection of the two sets represents the structured information
that often appears in notes.
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based on available evidences, is the only area that is being paid attention to in healthcare. How-
ever, the challenge of how to help physicians identify relevant pieces of information to write good
notes has been vastly ignored. It does a study on a large group of physicians to give them patient
records and asks them to identify what information they find relevant. What it finds is that most
physicians give a thorough attention to notes (especially admission notes), while a small subset of
physicians also look at laboratory results to arrive at their conclusions. It also analyses the fact
that use of EHRs have increased sloppiness of physicians to the extent that they now copy a lot of
information from previous notes, rather than writing crisp, concise and original notes.

A large section of the physicians surveyed in [Van Vleck et al.[[2007] also expressed the desire
to have trend charts, or visualizations of laboratory data available which they think would help
then arrive at better and more accurate conclusions, and help them write better notes. This study
also gives us the intuition that notes have a lot of potential usefulness, and in times of emergencies,
a doctor would prefer to read a note rather than look at structured information. A parallel study
by tenBroek et al.|[2010] arrives at similar conclusions, but also adds that physicians do appreciate
the electronic templates made available from note writing and can write notes a little faster as
compared to paper records.

Jing et al. [2017] talks about the problem of patients wanting to receive a consitent quality of
healthcare all around the world, but doctors can also be inexperienced and might be hailing from
rural areas, which has shown that reports written by them is more error prone. In countries with
population as large as China, there are less hands providing help and more wanting help, and that
leads to doctors having not so pleasant experiences. They do not want to write complete notes on
their own, and want assistance with finishing the notes and are willing to provide some keywords
to write them.

The article by |Adler-Milstein and Bates|[2010] further reinforces the views in Jing et al. [2017]
by going into the monetary tradeoffs, and talks about the fact that hospitals in rural areas don’t
have access to the same resources that multi-speciality hospitals in urban areas do, which makes

quality healthcare weaker. The article also adds the fact about physicians not having substantial



IT assistance, if they have trouble operating the EHR system that they are working with.

1.3 How can Good Notes Improve Quality of Healthcare?

Before answering this question, it is important to know whether the shift from Paper-based
to Electronic Health Records have improved note writing or not. The answer to that is yes, with
the results being evident from the study by Hoang et al.| [2014], where they use their self-developed
QNOTE score (takes into account certain templates that should be there in physician notes and
how clear and concise they should be) to display significant difference in scores when physicians
used paper to write notes and now when physicians have been using EHR for 5 years. But as we
highlighted the challenges in Section 1.2, there is a lot to be done so that notes can have a much
better quality.

An important benefit of writing good notes is that in many ways it helps the doctors them-
selves. As described brilliantly by [Robey| [2011], good notes maintain a continuity in healthcare. If
suppose a patient gets transferred from an old hospital to a more specialized hospital, it is essential
that the attending physician is well aware of the patient’s illness. To be well aware, they tend
to rely solely on notes, especially previous physician notes, discharge summaries, and list of prior
illness, because if all of these are well written, a quick skim over all these notes would be able to
provide the most amount of information to the doctor, making them ready to provide their best
help to the patient. Not only does this make healthcare a lot safer and reliable, it also reveals the
doctor’s compassion for the patient. An important property of good notes is that it should be able
to narrate a whole story, so the better the story, the better the note. This art comes from more
practice of writing notes, and hence it is important for experienced doctors to write good notes,
which can become an inspiration and a benchmark for new doctors to follow and keep on continuing
this practice.

Another big advantage that writing good notes can offer is better Patient Engagement, which
as described by |James| [2013], is the practice of keeping the patient in-the-loop with the doctor,

whether it is quick information retrieval for patients or collective decision being made by both the



patient and the doctor to solve a particular problem. Patient engagement becomes possible because
the retrieval of notes is now much more simpler and both patients and doctors now have access to
it. If the notes are well written, then it increases Patient Activation, i.e., the patients understand
their condition, which makes them more self-aware and willing to take better care of themselves.
A big example of this practice is evident from the OpenNotes Project |Bell et al., [2018], which
makes notes available to the patients. The reports said that the patients usually forgot what the
doctors told them during their meetings, but since now they can review their notes, they would
remember what precautions to take and hence keep both patient activation and engagement in
play. This not only helps patients to trust their doctors, but it also makes doctors more satisfied.
Patients can also provide their own necessary feedback to the doctors if they think the doctor has
written something wrong in the note, and hence can become a partial co-author of the note. This
practice can potentially refine the practice of note-taking and hence can mostly do away with the

notion of copying and pasting notes, which developed as EHRs came into play.

1.4 Motivation - Use Machine Learning to Bridge the Gap

As we saw in Section 1.2, though notes in Electronic Health Records provide a lot of advantage
compared to Paper-based records, they still pose a lot of challenges to the doctors. In Section 1.3
we saw the potential benefits that notes can offer, provided that we can mitigate these challenges.
So how can we solve this problem? An excellent solution could be to not mix up information from
different doctors and provide assistance to doctors individually, depending on the type of help they
need. This sets up an opportunity to use Machine Learning to help, since we need both quick and
quality assistance, and recent work in this area has proved to be of an excellent use.

The recent New England Journal of Medicine article [Rajkomar et al. |2019] elaborates on
this theory, since there can be lack of staff, and if there is, then it would take time for another
caretaker to help the doctor attend to the patient. Yet, doctors do need assistance with their
work, especially in note-writing, and hence usage of machine learning becomes the fundamental

groundwork. And as it turns out, the problem of information overloading is actually a blessing



for the machine learning model, since more data that is available, the better the model is able to
generalize to unseen examples. Scanning through millions of patient records in a very small amount
of time is something machine learning has no problem providing, something which cannot be done
with assistance from another human.

A good machine learning model can learn patient health trajectories [Beaulieu-Jones et al.,
2018|, which is a way to form a sequential model of interation of the patient and the doctor, which
can help predict future course of events in the patient’s health. Machine learning can also help
in predicting accurate preliminary diagnoses and final ICD codes [Xie and Xing, 2018|, and can
also make patients aware of conditions that they may face later after getting discharged from the
hospital. It is also important for machine learning to know what the ideal health condition of
a patient should be, for which the data that the model learns on may not be ideal and hence it
should be provided with some carefully crafted artificial data or be given some knowledge of what
causal effects are. The problem of note-entry can also be solved with machine learning methods like
speech-to-text dictation, quick look up and autocompleting sentences catering to the physician, and
also selection of useful information from past notes written by the same doctor and other caregivers
during the current and previous patient visits.

We have seen now that machine learning offers numerous benefits to physicians and other
kinds of doctors, and can potentially overcome the challenges in Section 1.2, but it can also do
much more. For instance, |Gabriels and Moerenhout| [2018] explains how self-tracking devices like
Fitbit and Apple Watches can record sensor data from patients and how this data can be used
by machine learning algorithms with physicians to provide accurate interpretations of these data,
although its real incorporation in the clinical practice is yet to be done and is still part of active
research discussion.

Since we need to address our inital problem of helping doctors write good notes, it is important
that we should know how to help doctors to write them. And in order to learn that, we must
know what information in notes is useful. This is why we have been motivated to solve this

problem. If we can find what parts of notes are useful to the doctors, we can help save a lot of the



doctor’s time and provide them with the relevant information to write clean and good notes. It

may be further useful to know what part of the note-writing should be delegated |[Lubars and Tan),

2019| to the machine learning model and what should the physician write themselves on the basis

of their analysis and judgement.

1.5

1.6

Research Contributions

We provide the following research contributions -

We provide a new logistic regression classifier with much more extensive features than the
baselines to calculate in-hospital mortality, with the help of the MIMIC-III dataset. We

show that our model outperforms the baselines by a considerable amount.

Secondly, we find that notes provide additional marginal value and predictive power to

structured variables.

Next, we find that Physician notes are not the most useful category of notes compared to
other categories. In fact, Nursing/other notes is the most useful category of notes instead,

likely driven by the volume.

To our surprise, we also find that common English words in notes are more useful compared

to uncommon English words in notes, which also includes most medical words.
Moreover, we find that nouns in notes are more useful than adjectives or verbs in notes.

Lastly, we find that notes that are more similar to notes written prior to them (what we
term as “copy-pasted”) are less useful than notes that are less similar, i.e., notes having

more original content.

Organization

This thesis is organized as follows. Chapter 2 discusses the relevant literature related to how

machine leaning has been used in Electronic Health Records. In the end, we then form concrete
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hypotheses that we would like to evaluate. Chapter 3 discusses the MIMIC-III data and how we
preprocess it to form timeseries from it for our Mortality Prediction task. We also show a lot of
trends and properties that exist in the MIMIC-III notes, by doing a word-level analysis. Chapter 4
discusses how we go about testing our hypotheses, our final stages of pre-processing and the logistic
regression classifier that we use in detail. It also evaluates all of our hypotheses with the detailed

results in tables. Chapter 5 provides the conclusion and future work.



Chapter 2

Applications of Electronic Health Records in Machine Learning

2.1 Overview

In this chapter, we try to answer the question of how Machine Learning has been applied to
Electronic Health Records and the major findings that were obtained from those experiments. We
do this by extensively reviewing recent literature, which cover the different ways in which Health
Care researchers and Machine Learning practitioners have used Machine Learning algorithms in
EHRs. Our literature research looks at two major sections - various machine learning methods
and applications used in EHRs, and Medical Note Generation as a future motivation. We end this

section by talking about the hypothesis and findings that we expect from our research.

2.2 Machine Learning with Structured Information and Notes in EHRs

An important area in which machine learning has been used in EHRs, is for the in-hospital-
mortality prediction task, as described in |[Ghassemi et al., [2014]. The authors use Latent Dirichlet
Allocation to convert all of the patient’s notes into features, and use these features to predict a
patient mortality. These are done in 3 timelines - in-hospital stay, 30 days and 1 year post pa-
tient’s discharge. The features used comprised of baseline features, statistical features and features
from the notes. To be precise, notes were tokenized first and later their stopwords were removed.
CountVectorizer was used to convert LDA to count features amd LDA was used to convert them
into groups of 50 topics, hence 50 features. These were passed onto a linear SVM model after doing

a 70-30 train-test split. Various models were used in the SVM - Admission Baseline Model with
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3 features, Time Varying Topic Model with 50 features, Combined Time Varying Model with 53
features, Retrospective Derived Features Model with 36 features, Retrospective Topic Model with
50 features, Retrospective Topic with Admission Model with 53 features, and Retrospective Topic
with Derived Features Model with 86 features. The final conclusion from the paper comes with the
fact that LDA features from notes are better than structured features, and all features combined
give the best prediction of mortality.

The experiements with timeseries have been used a lot for predicting mortality of patients.
The works by Harutyunyan et al. [2017], Ghassemi et al. [2014], Che et al. [2018], |Johnson et al.
[2017a] and |Purushotham et al. [2018] have all focused on this task. Since there were so many exper-
iments available regarding prediction of mortality, we find it right to use the same task to find the
value of notes, since we will be able to make a good comparison with the existing implementations.
We discuss details of some of these papers in later chapters.

There are a lot of Deep learning applications in EHRs as well. Deep learning is a subarea of
machine learning which specializes in self-representation learning, i.e., given raw data and target
outputs, it decides to discover patterns and learn features on its own without human help. This
representation is generally arranged in multiple layers to learn good patterns from very complex
datasets. Esteva et al.|[2019] gives a brief overview of how these are being applied to EHRs. It talks
about how Convolutional Neural Networks (CNNs) are being applied for medical imaging, especially
in radiology applications, giving very good performance. CNN being used with transfer learning
methods, i.e., methods to learn CNN on very large datasets like ImageNet but usage of those
models on medical imaging data has yeilded very good results. In Natural Language Processing,
deep learning is used in the form of Recurrent Neural Networks (RNNs), to learn features from
the medical data as a time series. It can incorporate structured data like demographics and lab
results, and also data from notes. Unsupervised learning methods like usage of autoencoders
[Beaulieu-Jones et al., |2018], which is the practice of learning useful features from data by first
reducing the dimensionality and then reconstructing unlabeled data, has also been prevalent in

these applications. There has been active research on RNNs being used with very large (size of



13

as big as 46 billion data points) medical datasets [Rajkomar et al. 2018] to combine both the
structured data and unstructured (note) data, to give some very impressive results in in-hospital
mortality prediction, 30-day readmission prediction, length of stay forecasting and final discharge
diagnoses prediction.

In a slightly similar work, |Shickel et al.|[2018] does a detailed survey on the current deep
learning methods that are being used in the notes in Electronic Health Records. The first application
that it is primarily used in is information extraction, whether it is a singular medical concept (like
disease, procedure, treatment), temporal event (a singular medical concept with respect bounded
by time - like last week, last month, last 6 months), relations between medical concepts in notes,
or expanding abbreviation with the help of free text available. The other applications include
representation learning of ICD-9 codes, i.e., learning a real value vector representation of an ICD-9
codeﬂ and mortality prediction, i.e., predicting whether the patient would die within their course
of stay in the hospital (in-hospital mortality) or would die after a certain period of time after they
get discharged (out-of-hospital mortality).

Another very interesting application of notes in EHR is phenotyping, an active area of research
in medicine, which can possibly give us more fine-grained subdivisions in types of diseases and give
us better precision in specific diagnosis. This not only would improve how we would define diseases
now, but it also gives us the possiblility to discover new phenotypes. This is evident from the
fact that Google’s Deepmind was able to solve the protein-folding problem [Evans et al., 2018],
something what medical researchers thought would be impossible to solve.

While all of these research have conveyed the fact that EHRs extensive usage in machine
learning has been very proficient, the discussion doesn’t just stop there. It is also true that notes
alone can provide a lot of value to a patient’s health record apart from structured variables, and
has been very crucial for some very important prediciton tasks. An example of this is the paper by

Liu et al. [2018a] which uses CNN, RNN and Bidirectional RNN on both the structured variables

1 ICD-9 code is the International Statistical Classification of Diseases and Related code in its 9th revision and is
assigned to a patient after they get discharged from the hospital or medical facility.
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and word embeddings from notes on a dataset of over a million patients, and found that the notes
to perform better than structured variables to predict if the patient would develop a chronic onset
of disease.

The study by |Luo| [2017] shows how sentence level and sentence-segment level Long Short
Term Memory (LSTM)recurrent neural networks can be used to classify relations between medical
entities in notes, and it is found to perform better if the word embeddings are training on medical
vocabulary (more in Section 2.3). Another work, by |Lee et al.|[2017] shows how we can model
notes into embeddings and use then in a feed-forward neural network to obtain named entities,
which would help in dataset deidentification, and therefore it would be easy to share the dataset
with people who would be interested in this research. The Sachan et al.|[2017] paper also performs
a Biomedical Named Entity Recognition, but uses a labeled dataset instead of training on an
unlabeled note.

Sometimes, thinking about all of these experiements, we may figure out that it is obvious that
patients will not visit the doctor when they are healthy, and will only go when they are unwell and
need help. Hence this can lead to bias in our trained machine learning system, since we would not
know what the ideal health condition for the patient would be. In order to study that, |[Zheng et al.
[2017] run a study on using Hidden Markov Models to form a timeseries of both the structured and
note data at regular intervals and impute whatever data they are missing. They then run several
LSTM variants on applications like in-hospital mortality and predicting ICD diagnoses and obtain
better results than the setup when the timeseries is irregular. Another work that employs the usage
of timeseries is by Lipton et al. [2016] where the authors use a regular LSTM to do a multilabel
classification of diagnoses using an irregular timeseries of various sensor and laboratory results.

There are a lot of medical concepts that people not belonging to the field of healthcare are
oblivious to. Hence when researchers decided to use neural networks for medical notes, which have a
lot of medical terminologies in them, then the usage of standard english langauge word embeddings
like Skipgram, GloVe, Word2Vec and stacked autoencoder did not perform well. Hence for this

purpose, there is a lot of work on creating specialized word embeddings that cater towards medical



15

concepts. We discuss some of these in detail.

A very common project being talked about nowadays is the Med2Vec project [Choi et al.,
2016]. Med2Vec takes two main things into consideration - the set of all ICD codes there are and
a set of all patient visits to the hospital. For both of these values, Med2Vec’s aim is to convert
them into real valued vector representations (or embeddings). The initial visit vector is taken and
after a linear combination (of weights and biases) and a ReLU activation, it is concatenated with
a patient demographic vector and the previous process is repeated again to return the final visit
vector. The final visit vector after a softmax returns the predicted ICD code. Comparing this
technique with the normal english word embedding techniques gave a higher accuracy of diagnoses
code prediction.

Another very common project for medical word embeddings is the Graph-based Attention
model or GRAM |[Choi et al., 2017]. Like Med2Vec, GRAM also takes the set of all ICD codes
and patient visits as its main inputs. But here the initial visit vector is not created straight away,
and instead the codes are arranged in the form of a directed acyclic graph, with the more general
concepts at non-leaf positions and the more specific codes at leaf nodes. Depending on the type of
visit, the code is taken from one of the leaf nodes along with its parent nodes and then these codes
are converted into the embedding space and combined together by using an attention mechanism.
After passing this through a tanh activation, it returns the final visit vector. This vector after
passing through a feed-forward neural network returns the predicted ICD code, which is seen to
give a higher AUC score than the baselines.

An excellent example of how embeddings can be run on unstructured data (or notes) is given
by Zhu et al. [2018]. It first forms a contextual word embedding with ELMo, by using a corpus
of clinical notes and wikipedia pages related to medicine. After the training is done, this trained
embedding is run on different kinds of notes available in EHRs with the help of a bidirectional
LSTM, and returns the precise clinical concepts related to a word or phrase in the input note.
This technique achieves the best F1 score for clinical concept extraction and has a lot of uses in

mortality prediction, diagnoses prediction and automated de-identification.



16

An inportant consideration that we should keep is that out of all the literature that we have
seen, whether the machine learning model uses the structured data or unstructured data, using
one does not render the other one useless. Notes are only able to provide additional value to the
structured data. Hence it is important to see what we can do if we use them both together, which
we expect to increase the model performance. Hence we also look at multimodal embeddings, which
are the embeddings that run for different modalities of data, like image and text, structured tables
and text, etc., since using these can potentially boost up our machine learning model’s performance.

The paper by Kiros et al. [2014] provides a good introduction to this concept. That concept
can be easily extended to note writing, especially for writing notes from radiology reports. The
images can be given as inputs to the log-bilinear model defined in the paper to generate radiology
report from the images. An implementation of generating radiology notes has been tried in [Jing
et al. [2017] but can be extended to support this notion of modality.

There are some machine learning methods that have been used for general applications in
which prediction needed to be made from data coming from various sources. An example of this
is the paper by (Card et al|[2018], which introduces a topic model called Scholar, which takes as
input the text documents, and then uses a modified version of Latent Dirichlet Allocation, after
which the intermediate representation is passed onto a Variational Autoencoder, which can also
take as input any word embedding of the metadata available with the document, and then predicts
the final document label. The system when tested on a news articles, imdb and yahoo datasets
returned the highest accuracy compared to other linear models and topic model baselines.

The multimodal embedding ideas have been used in the EHR setup as well. For example the
paper by |[Jin et al.| [2018] first uses named entity recognition on the note data to extract entities
and important representations from it in the form of embeddings, then combines them with time
series signals to a final feed-forward neural network which returns the patient in-hospital mortality
label. This implementation result compared with the baseline implementations gives a 2% higher
ROC AUC score. This implementation gives us some insight as to how we can manage to merge

data from structured and unstructured sources if we want to predict in-hospital mortality.
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2.3 The ideal future solution - Medical Note Generation

Currently, the goal of the thesis is not to generate medical notes. It is rather to find what
parts of notes are important which would further help to brainstorm better approaches to note
generation in the future. But inspite of that, it may be useful to see what good text generation
approaches are out there and how we can extend our work to text generation.

Holtzman et al.|[2018a] addresses the problem of using a simple RNN for language generation,
which is the issue of the generated text not at the level of communication specified by Grice’s
Maxims of text having informativeness, truthful, relevant and unambigous. Hence the authors
develop sub-models that can capture all these 4 qualities in the generated text. These sub-models
are simple encoder - decoder models with an objective, which is to comply as much with the Grice’s
Maxims, and also a weight balancing scheme that would balance the combined output of all sub-
models. These scores are then ranked and the highest ranking text is the one which the system
would return in the end. This model gets very high scores compared to the vanilla RNN on human
evaluation and turing tests. Another paper by Holtzman et al. [2018b] tries to solve this problem
again but by using RNN but would give a higher reward to texts that are more coherent with a
provided reference text and comply with the Grice’s Maxims.

Another good text generation reference that can be used on medical data is the paper by
Bosselut et al.| [2018], whose objective is to generate text by keeping the discourse structure as close
to the reference text. The closer it is the more the model would be rewarded. The generation is done
using an RNN encoder-decoder network and the reward is given by a policy iteration reinforcement
learning algorithm. Since the most important aspect of this method is the order of sentences, it
can be applied to medical data as well where it needs to be figured out from the current patient
condition of what should be the assessment and plan and therefore what steps need to be taken,
for which order is very important.

Not all text generation approaches are abstractive, some are extractive as well. Extraction

based methods have been mainly used in note summarization. One example of this approach is given
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in|Zhang et al.| [2018], where the goal is to generate a concise 1-line impression of a radiology report.
For this purpose they used an encoder-decoder model with attention, one for the background part
of the report and one for the findings part. After encoding the text from both parts and getting
the attention, both are given as input to the decoder which would generate an overall vocabulary
distribution. The words or phrases for which the distribution is highest would be used to generate
the impression. This approach gave significant improvements in ROUGE score over extractive
baselines and pointer-generator networks.

A second example of extraction based text generation approach is given by |[Liu et al.|[2018b],
in which the authors use unlabeled note data from EHRs, and try to generate summaries from
those by using neural extraction methods. The way they do it is by having the dataset of all notes
for all patients, and then get a cover, i.e., the maximum similarity of that note with any previous
note. After that a binary label vector is calculated, which is also known as pseudo lablels. This
vector is fed onto a neural network, which is a word level bidirectional GRU, the output of which
is given to a sentence level bidirectional GRU, whose output passed through a sigmoid returns 0
or 1, depending on whether the model finds that sentence important for the summary generation
or not. They also show to get the highest ROUGE score compared to all of the baselines.

We also found one paper, by [Liu [2018] that actually implements the task of medical note
generation. Since the language models needed to write notes are supposed to be very restricted, it
is important to know all the details about the patient, like lab results, medications, demographics
and notes written previously to write the current note. It gives the hypothesis that notes seem
to have a common template, which can be learnt easily, and a lot of the content in the notes can
be predicted. It uses both the static data and the timeseries data, from both the structured and
unstructured sources, to generate the notes. The note generation problem is defined as a supervised
learning task which takes as input a note context, which consists of patient past data, intended
category of note and a seed of 10 tokens that should be there in the output note. The patient past
data (which is a part of note context) consists of gender and age, prescriptions, laboratory values

with flags of abnormality (if any) and all the past notes. It then uses all of this information and uses
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a transformer, and a transformer with memory compressed attention to generate the note, in which
the latter gets a better score. The evaluation metrics that were used were perplexity per token -
how well the token is predicted given past tokens, accuracy of next token, ROUGE-1, ROUGE-2,
ROUGE-1 after removal of autopopulated templates and gender & age accuracy.

All of this work give us a very good intuition as to how we would approach this task of note

generation in the future.

2.4 Hypotheses Formulation

After doing the extensive literature review as we can see from the previous sections in this
chapter, we should be able to tell what we think we would get after we do our research. Hence, in

accordance with medical notes, we have formulated the following hypotheses -

e H1 - Notes provide additional predictive power to the structured data in Electronic Health

Records.

e H2 - Certain parts of notes are more valuable than other parts -

x H2.A - Physician notes are the most useful compared to the other categories of notes.

* H2.B - The common english words in notes are less useful than uncommon english

words (which may also include a large fraction of medical words).
x H2.C - The nouns in notes are more useful compared to both adjectives and verbs.

« H2.D - The notes that are similar to previous notes (what we term as “copy-pasted”)

are less useful compared to notes that less similar, i.e, are original and concise.

Since we discussed in Section 2.2 of how there are so many tasks related to mortality predic-

tion, we use the same task to test our hypotheses.



Chapter 3

Working with the MIMIC - III Database

3.1 What is MIMIC-III?

The Medical Information Mart for Intensive Care - III or MIMIC-III is a freely available
medical database consisting of de-identified patient records. These patients were admitted in the
Beth Israel Deaconess Medical Center between 2001 and 2012. Although the total number of tables
in this database is 26, but more broadly speaking, this database consists of two major types of
information - Patient information and Hospital information. Patient information consists of basic
patient data, admission details, demographics, insurance, etc. Hospital information consists of
events, like laboratory events, charting events, note data and also billing information. We look at
both of these as we define some of the tables that we use for our implementation. We chose the
MIMIC-III dataset for our research becuase it is freeely available, has de-identified patient records
and a variety of different patient cases, especially in the ICU, which would help us get a more

generalized machine learning model.

3.1.1 Patient Related Tables in MIMIC-III

The first table is the PATIENTS table. Out of the columns that we are interested in,
PATIENTS consists of SUBJECT_ID, which is the unique identifier of an individual patient, and
stays the same no matter how many times the patient is admitted to the hospital. Other than
that it consists of GENDER and DOB (Date-of-Birth). In the DOB section, if the patient’s actual

age is equal to or more than 90 years, then the DOB is shifted back 300 years before admission,
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accordingly. The PATIENTS table has in total, 46,520 records.

Table 3.1: An example of what the PATIENTS table would look like. The values are not taken
from MIMIC-III and are falsified. Also, the actual table has more columns than these.

| [ SUBJECTID | GENDER | DOB |

0 33 M 3021-12-31
1 34 M 3047-09-21
2 35 r 2988-07-13
3 36 M 3004-04-15
4 37 F 3012-05-25

The next table is the ADMISSIONS table. Out of the columns that we are interested in,
ADMISSIONS consists of SUBJECT_ID, which acts as a foreign key to PATIENTS, HADM_ID,
which is the unique hospital admission identifier associated with a patient. For the same patient
getting admitted into the hospital multiple times, a new HADM_ID is generated each time. The
other attributes include ADMITTIME, DISCHTIME, i.e., the admit and discharge times, and a
HOSPITAL_EXPIRE_FLAG, which tells if the patient died in the hospital during that admission
(1), or if the patient was discharged (0). If a patient unfortunately, dies in the hospital, then
that patient’s DISCHTIME is same as the DEATHTIME (another attribute in the ADMISSIONS
table). The ADMISSIONS table has in total, 58,976 records.

The third table in this list is the ICUSTAYS table. Out of the columns that we are inter-
ested in, ICUSTAYS consists of SUBJECT_ID and HADM_ID, acting as foreign keys to both the
PATIENTS and ADMISSIONS table, ICUSTAY _ID, which is the unique identifier assigned to the
patient when they are admitted in the ICU. The same patient can be admitted multiple times in
the ICU, each time getting a unique ICUSTAY _ID, while the HADM_ID would remain the same if
all those ICU admissions took place within a single hospital admission. The other attribute that
we are interested in is DBSOURCE, which says whether the DBSource is CareVue or MetaVision
or both. This is discussed more in Section 3.4. The ICUSTAYS table has in total, 61,532 records.

The fourth table is the SAPSII table. SAPII is not among the 26 tables that we said belongs
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Table 3.2: An example of what the ADMISSIONS table would look like. The values are not taken
from MIMIC-III and are falsified. Also, the actual table has more columns than these.

| [ SUBJECTID | HADM.ID | ADMITTIME | DISCHTIME | HOSPITAL_EXPIRE FLAG |
0 33 1033 [ 3021-12-31 02:30:00 | 3022-01-04 12:30:00 1
1 34 1034 | 3056-09-21 12:30:00 | 3056-12-31 13:30:00 0
2 34 1035 | 2988-07-13 13:30:00 | 3021-12-31 14:30:00 1
3 35 1036 | 3004-04-15 16:30:00 | 3004-05-23 19:30:00 0
4 36 1037 | 3012-05-25 22:30:00 | 3012-05-36 23:30:00 0

to MIMIC-III. Instead, it is derived using the ICUSTAYS table. It contains the SAPSII Score, which
is the Severity of Illness Score [wik, 2018], given to the patient within 24 hours of the patient’s ICU
Admission. Therefore it has the columns, SUBJECT_ID, HADM_ID, ICUSTAY _ID and SAPSII.

Like ICUSTAYS, SAPSII has 61,532 records.

3.1.2 Hospital Related Tables in MIMIC-I11

The first table is the CHARTEVENTS table. With 330,712,483 records, it is the biggest table
in the MIMIC-III database. CHARTEVENTS contains all the data from the patient coming in from
the ICU charts, which include things like heart rate, lab values, ventilator settings, mental status,
and so on. The columns which are of interest to us in this table are - SUBJECT_ID, HADM_ID,
ICUSTAY_ID, ITEMID, which shows what is the concept that we are measuring, CHARTTIME is
when the ITEMID was measured, VALUE and VALUEUOM which are the amount or category of
the ITEMID and unit of measurement respectively.

The next table is the LABEVENTS table. This table contains all laboratory measurements
and the values in this table can be duplicated in the CHARTEVENTS table. If that is the case,
then we take the LABEVENTS value as the ground truth. The columns which are of interest to us
in this table are SUBJECT_ID, HADM_ID, ITEMID, CHARTTIME, VALUE and VALUEUOM.
Note that ICUSTAY _ID is not a part of this table since it covers laboratory measurements that are

also outside the ICU. The LABEVENTS has in total, 27,874,055 records.
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Table 3.3: An example of what the ICUSTAYS table would look like. The values are not taken
from MIMIC-III and are falsified. Also, the actual table has more columns than these.

[ [ SUBJECTID | HADMID | ICUSTAY_ID | DBSOURCE |

0 33 1033 20033 carevue
1 34 1034 20034 metavision
2 34 1035 20035 carevue
3 35 1036 20036 carevue
4 35 1036 20037 metavision

The next two tables are INPUTEVENTS_CV and INPUTEVENTS_MV. Both of these ta-
bles cover Inputs, i.e., any fluids that have been provided to the patient either orally, through
tube or through syringes (containing medications). INPUTEVENTS_CV is the record of all such
input events from the CareVue information system and INPUTEVENTS_MV is the record of all
such input events from the MetaVision information system. For the CareVue data, we are in-
terested in SUBJECT _ID, HADM_ID, ICUSTAY_ID, ITEMID, CHARTTIME, VALUE and VAL-
UEUOM. The INPUTEVENTS_CV has in total, 17,527,935 records. In the MetaVision data,
there is no CHARTTIME. Instead it has a STARTTIME and an ENDTIME. We consider END-
TIME as CHARTTIME because we are interested at when the patient would completely receive
the medication (or any other input) provided. Hence for the MetaVision data, we are interested in
SUBJECT_ID, HADM_ID, ICUSTAY_ID, ITEMID, ENDTIME, VALUE and VALUEUOM. The
INPUTEVENTS_MYV has in total, 3,618,991 records.

The next table is OUTPUTEVENTS. This table covers all Outputs, i.e., anything that is
excreted by a patient (for example - urine) or extracted from a patient (for example - through a
drain). Like the Input tables, the columns that we are interested in are SUBJECT_ID, HADM_ID,
ICUSTAY 1D, ITEMID, ENDTIME, VALUE and VALUEUOM. The OUTPUTEVENTS has in
total, 4,349,218 records.

The last and the most interesting table in this section is the NOTEEVENTS table. The

NOTEEVENTS table consists of all the different types of notes written by doctors. The columns
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Table 3.4: An example of what the SAPSII table would look like. The values are not taken from
MIMIC-III and are falsified. Also, the actual table has more columns than these.

[ [ SUBJECTID | HADM.ID | ICUSTAY.ID | SAPSII |

0 33 1033 20033 16
1 34 1034 20034 18
2 34 1035 20035 35
3 35 1036 20036 21
4 35 1036 20037 44

that we are interested in are SUBJECT 1D, HADM_ID, CHARTTIME, which shows when the note
was entered, CATEGORY, which tells about the type of note, and TEXT, which contains the

actual note.

3.2 Understanding Notes in MIMIC-111

All the notes in the MIMIC-III table are available in the NOTEEVENTS table (from Section
3.1). All the different categories of notes and their total counts in the database is given in Table
3.9.

An important thing to remember in NOTEEVENTS is that the Radiology, Echo and ECG
notes can also be from outpatients, i.e., from a facility outside the hospital. Notes which are from
outpatients should be removed for the working of our task, since they do not have HADM_ID. Also
patients that were not admitted in the ICU also lack an HADM_ID, and hence those records should
be filtered out as well. Echo notes are generally generated using a template. This leaves us with
two important kinds of notes that are Physician notes and Nursing notes, since they have a very
high count and it may be useful to know what information they can cover, since these are written
by physicians and nurses and require touching and talking to the patient.

Physician notes generally have a 10 elements in it, which are Allergies, Last dose of an-
tibiotics, Infusions, Other ICU medications, Vital signs, Fluid balance, Blood products, Physical

examination, Respiratory report and Assessment and Plan. When we tested whether how much of
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Table 3.5: An example of what the CHARTEVENTS table would look like. The values are not
taken from MIMIC-III and are falsified. Also, the actual table has more columns than these.

| [ SUBJECTID | HADM.ID | ICUSTAY ID | ITEMID | CHARTTIME | VALUE | VALUEUOM |

0 33 1033 20033 1 3021-12-31 02:30:00 | 10.40 L/min
1 34 1034 20034 2 3056-09-21 12:30:00 | 70.28 mmHg
2 34 1035 20035 3 2988-07-13 13:30:00 | 33.55 NaN
3 35 1036 20036 4 3004-04-15 16:30:00 | 12.67 mg/dl
4 35 1036 20037 5 3012-05-25 22:30:00 | 89.99 NaN

this template exists within MIMIC-III, we got 93.59%, which is quite a high number and explains
the fact that physicians do follow a template to write notes and eveything in this template should
be well defined. Some additional things like Social history, Drinking habits can explain a lot about
the patient’s diagnosis, but they do not occur in every physician note and only show up in admis-
sion type notes and not progress notes. It may be useful in future to copy the social history of the
patient in every physician note for a better template matching.

Nursing notes generally are smaller than physician notes and cover 4 major aspects - Assess-
ment, Action, Response and Plan. They generally lack any statistical information inside of them
(unlike phyisican notes that do), and generally have crisp information conveyed in words. Like
physician notes, nursing notes too have more progress notes compared to admission notes, which is
good because it conveys the fact that physicians and nurses keep writing notes at regular intervals
throughout the stay of the patient.

As far as physician notes are concerned, 3 main sections - Everything before Allergies, Physical
Examination and Assessment and Plan are the most important sections of physician notes. We find
with our analysis that for every physician note of a 5000 character length, the Before Allergies and
Physicial Examination sections are only approximately 400 characters long each and Assessment
and Plan section is approximately 1000 characters long. This shows that eventhough notes cover
a lot of valuable information, they are not crisp and concise and the rest of the information they

have can be imported from other kinds of notes and structured variables.
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Table 3.6: An example of what the LABEVENTS table would look like. The values are not taken
from MIMIC-III and are falsified. Also, the actual table has more columns than these.

[ [ SUBJECTID | HADMID | ITEMID [ CHARTTIME | VALUE | VALUEUOM ||

0 33 1033 1 3021-12-31 02:30:00 | 10.40 L/min
1 34 1034 2 3056-09-21 12:30:00 | 70.28 mmHg
2 34 1035 3 2988-07-13 13:30:00 | 33.55 NaN
3 35 1036 4 3004-04-15 16:30:00 | 12.67 mg/dl
4 35 1036 5) 3012-05-25 22:30:00 | 89.99 NaN

We also perform a word level analysis of notes altogether. We remove all the erroneous notes
and only keep all the notes except the discharge summary. We show the average number of words
occuring in each category of notes, and the average number of adjectives, verbs, nouns, proper
nouns, common english words and medical WOl“dSEI in each category. We then take a sample of
notes from each category and try to get the fraction of these different types of words in each note
and plot a distibution. All the plots are available in Figure 3.2 to Figure 3.7. We further show in
Table 3.10 the entire breakdown of average counts of different types of words that exists in different

types of notes.

3.3 Forming Timeseries with MIMIC-III Data

In order to predict the in-hospital mortality, we need to derive a timeseries and combine
our structured variables and note data. The way we do that is as follows. First, we run our
extract_subjects.py file. What this will do is read all of the PATIENTS table first and return the
SUBJECT_ID, GENDER and DOB. After that it will read the ADMISSIONS table, while filtering
out two things - organ donors, i.e., the patients who died already but were readmitted to donate
their organs (where ADMITTIME is greater than the DISCHTIME), and the patients who do not
have CHARTEVENTS data, because we would not have structured variables to define such cases.

It then reads the ICUSTAYS table and gets the DBSOURCE and groups the table to return how

! Medical words obtained from - https://github.com/glutanimate/wordlist-medicalterms-en
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Figure 3.1: A distribution of the fraction of English words present in MIMIC-III notes. The notes
are sampled by 1500 (upper limit) per category.
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Figure 3.2: A distribution of the fraction of Medical words present in MIMIC-III notes. The notes
are sampled by 1500 (upper limit) per category.
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Figure 3.3: A distribution of the fraction of Nouns present in MIMIC-III notes. The notes are
sampled by 1500 (upper limit) per category.
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Figure 3.4: A distribution of the fraction of Proper Nouns present in MIMIC-III notes. The notes
are sampled by 1500 (upper limit) per category.
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Figure 3.5: A distribution of the fraction of Adjectives present in MIMIC-III notes. The notes are
sampled by 1500 (upper limit) per category.
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Figure 3.6: A distribution of the fraction of Verbs present in MIMIC-III notes. The notes are
sampled by 1500 (upper limit) per category.
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Table 3.7: An example of what the INPUTEVENTS_CV, INPUTEVENTS MV and OUT-
PUTEVENTS tables would look like. In INPUTEVENTS_MV, we treat the ENDTIME as CHART-
TIME. The values are not taken from MIMIC-III and are falsified. Also, the actual table has more
columns than these.

| [ SUBJECTID | HADM.ID | ICUSTAY ID | ITEMID | CHARTTIME | VALUE | VALUEUOM ||

0 33 1033 20033 1 3021-12-31 02:30:00 | 10.40 L/min
1 34 1034 20034 2 3056-09-21 12:30:00 | 70.28 mmHg
2 34 1035 20035 3 2988-07-13 13:30:00 | 33.55 NaN
3 35 1036 20036 4 3004-04-15 16:30:00 | 12.67 mg/dl
4 35 1036 20037 5 3012-05-25 22:30:00 | 89.99 NaN

many times the patient was admitted in ICU instead. This makes the ICUSTAYS table almost
the same size as ADMISSIONS table (not equal because some patients admitted in the hospital
may not be admitted in the ICU). After merging all these 3 tables together, we filter out those
patients whose age is less than 18 years. We calculate Age from subtraction of ADMITTIME and
DOB. We create seperate folders for each subject and then write an admissions.csv file for each
subject denoting how many times that patient was admitted to the hospital. The next step in this
file is to read all the events table, and remove all the records without an HADM_ID. In case of
NOTEEVENTS, we also remove the Discharge summaries (since they mention the final outcome)
and all notes that are flagged as error. Generally, ECG and Echo notes are the two types of notes
that have a missing CHARTTIME, for which we run additional processing, which includes parsing
the note, to get CHARTTIME. Finally, we tokenize all notes. After this is done we divide the
events dataframe into smaller dataframes grouped by SUBJECT _ID, and is written as events.csv
in the same folder we saved all the admissions.

The extract_subjects.py program leaves us with a total of 38,409 unique patients, 49,172
admissions and a total of 208,572,237 events. Before running the next file, we had to think about
what features should our timeseries have. Ideally, the machine learning model would perform best if
we have values for all our timeseries. But it is not the case here, so we can minimize the possibility.

Therefore, we query all the events and select only those ITEMIDs that occur for a total of more
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Figure 3.7: Overview of how we created the in-hospital mortality benchmark dataset in a timeseries

format.

/dutq/physiciqn_no\‘es/mimic-durq)

47 520 PATIENTS
58 976 ADMISSIONS
61 532 ICUSTAYS
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Table 3.8: An example of what the NOTEEVENTS tables would look like. The values are not
taken from MIMIC-III and are falsified. Also, the actual table has more columns than these.

| [ SUBJECTID | HADMID | CHARTTIME | CATEGORY | TEXT
0 33 1033 3021-12-31 02:30:00 | Nursing/other | Sinus bradycardia. Left ante...
1 34 1034 3056-09-21 12:30:00 Nursing Sinus bradycardia. Left ante...
2 34 1035 2988-07-13 13:30:00 Echo Sinus rhythm. Left ante...
3 35 1036 3004-04-15 16:30:00 Physician Sinus rhythm. Left ante...
4 35 1036 3012-05-25 22:30:00 | Nursing/other | Sinus bradycardia. Left ante...

than 100,000 times. We make a sepeate list of these variables which we use for our second program.
After execution, we end up with 767 ITEMIDs out of a total of 12,487 ITEMIDs.

We now run our second file extract_episodes_from_subjects.py, which would divide each
events.csv for each subject on the basis of HADM_ID and then pivot the table on CHARTTIME and
selected ITEMID from the list to form the timeseries. In the end, we replace the CHARTTIME with
elapsed time in Hours, which we calculate as the subtraction of CHARTTIME and ADMITTIME,
and sort the table rows by hours. For a seperate admission, a seperate episodel_timeseries.csv is
created which would have the timeseries for that admission and episodel_outcomes.csv is created
which would have the length of stay and the mortality flag there.

After this is done, we split all of these subjects into train and test folders, the split specification
of which we determine already seperately and use it for all our tasks.

Finally, we create our benchmark dataset with the create_in_hospital_mortality.py which will
only keep the timestamps according to the period length parameter we provide as input. We make
3 benchmark datasets, one for 24 hour, one for 48 hour and one retrospective in which we include
everything. If a patient dies before the period length, we do not include it in the benchmark dataset

(not applicable for retrospective experiment).
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3.4 CareVue & MetaVision

We leave the end of the chapter to specify the distinction between CareVue and MetaVision.
CareVue was developed by Philips and was used as the information system from 2001 to 2008. The
drawback of the CareVue dataset is that it unorganized, and there needs to be a lot of preprocessing
beforehand, especially in INPUTEVENTS, to include it in the MIMIC-III database. When we
analysed the fraction of patients having physician notes in CareVue system, we got only 3.57%.
MetaVision was developed by iMDSoft and was used as the information system from 2008 to 2012.
The data from MetaVision was much more organized and the fraction of patients having physician
notes was a 43.07%. Because we think that the lack of data, and lack of organized data by CareVue
is a result of a legacy issue, we include all of its values for our experiments, and hence do not make
any distinction between data from CareVue and from MetaVision. This also allows us to have more

generalized approach towards our task.



Table 3.10:

Table 3.9: Count of Categories in NOTEEVENTS table.

| CATEGORY | TOTAL COUNT ||

Nursing/other 822,497
Radiology 522,279
Nursing 223,556
ECG 209,051
Physician 141,624
Discharge summary 59,652
Echo 45,794
Respiratory 31,739
Nutrition 9,418
General 8,301
Rehab Services 5,431
Social Work 2,670
Case Management 967
Pharmacy 103
Consult 98

Word Level Analysis of different categories of notes.
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All the values in the table
represents the average count of a particular type of word in the notes. We removed the discharge
summaries and erroneous notes from consideration. All values have been rounded off to the nearest

integer.

H CATEGORY ‘ Words | English ‘ Medical ‘ Nouns | Proper Nouns ‘ Adjectives ‘ Verbs H
Nursing/other 202 61 34 38 25 11 19
Radiology 498 96 71 237 28 27 20
Nursing 410 134 84 79 41 23 37
ECG 46 16 14 10 2 6 4
Physician 1582 285 196 215 231 63 79
Echo 493 131 138 103 46 60 40
Respiratory 249 52 48 46 51 12 16
Nutrition 17 114 73 83 95 20 31
General 364 105 64 58 43 20 30
Rehab Services 718 216 125 126 92 40 58
Social Work 530 231 78 79 43 29 63
Case Management | 285 87 34 39 36 10 22
Pharmacy 553 205 106 98 43 29 56
Consult 1328 300 192 190 183 66 79




4.1

Chapter 4

Testing our Hypotheses - The Task of Mortality Prediction

Prediction Setup - Evaluation Metrics

To test all of our hypotheses, we use two main evaluation metrics -

¢ ROC AUC Score - An AUC ROC [Fawcett} 2006] curve is a kind of performance mea-

surement for classification problem at various thresholds settings. ROC is a probability
curve and AUC represents degree or measure of separability. It tells how much model is
capable of distinguishing between classes. Higher the AUC, better the model is at predict-
ing Os as Os and 1s as 1s. Therefore, if the AUC is higher, that means the model is good
at distinguishing between patients who would die and who would not die in-hospital in the

given period length.

If AUC = 1, then the model is said to have an ideal measure of seperability. If AUC=0.7,
then that means that there is a partial overlap in the ROC curves of the positive and
negative classes and the model has 70% chance that it would be able to correctly classify
between the positive and negative class. The worst situation is when AUC = 0.5, which

means the ROC curves for positive and negative classes completely overlap each other.

We use this metric because we are interested in getting the probability of the predicted label
as 1, and not get the actual predicted label itself, so that we can get an ROC characteristic

and we can quickly calculate the AUC to see how the model performs.

e Mortality @ K - The other metric we want to use is the Mortality @ K, or more commonly
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known as Precision @ K [Manning et al., 2008]. Mortality @ K suggests that out of the
first K values returned as the predicted class, what fraction of the K values actually belong
to the predicted class. Since for every episode data, we calculate the probability that the
patient would die, i.e., y = 1. When we get all of these probability predictions, we sort
them in descending order and then according to the value of K, we check how many of
those values actually have y = 1. For the purpose of evaluation here, we use K to be 10,

50, 100, 500 and 1000.

4.2 Notes provide additional predictive power to structured data

As defined in Chapter 3, we pick our structured variables on the basis of their overall count
and pick only the 767 which have a count of more than 100,000. Therefore, we decide to put out
structured variables to the test and compare them with two baselines.

The first one is from Ghassemi et al.| [2014] which runs an admission based model consisting
of 3 features - Patient Age, Gender and the admission SAPS-II score. We modify it to have 6
features - Age, Gender, First, Last, Maximum, and Minimum SAPS-II scores - to get a more
stronger baseline. These features from the data, split in the exact same specification as described
in Section 3.3, is run with a Linear SVM.

The second baseline is from Harutyunyan et al. [2017] which runs a simple logistic regression
model after obtaining six different statistical features on 7 different subsequences of the timeseries,
in total returning 17*6*7 = 714 features per time series. Then they impute all the missing values
and use feature scaling before giving the timeseries as input to the logistic regression classifier.
Since our approach is very similar barring the feature extraction part, we do not discuss the details
of this implementation here and would rather explain our implementation.

We also follow on the Harutyunyan et al.| [2017] method but use different sets of features for
our implementation. Since a lot of features that we selected are categorical in nature, we first list
all of those features manually in a JSON dictionary to convert them into integers, before we start

with the implementation. If there is an exception in the mapping or a number is not well defined,
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we just input 0 as the value of that particular feature. Then we use 7 different sub-sequences in

this timeseries. These sub-sequences are -

(1) Entire timeseries

(2) First 10% of the timeseries
(3) First 25% of the timeseries
(4) First 50% of the timeseries
(5) Last 10% of the timeseries
(6) Last 25% of the timeseries

(7) Last 50% of the timeseries

We then use 6 different statistical features from these sub-sequences - maximum, minimum,
mean, standard deviation, skew and number of measurements. So as a result, we get a total of
T67*7*6 = 32,214 features. Then we impute these features and after that use a standard feature
scaling. We then use a logistic regression classifier with the class_weights argumentﬂ as ‘balanced’,
since the mortality proportion is unequal.

When we are using notes, we make some slight modifications. We concatenate all notes
from a single timeseries and then use the Bag-of-Words method to generate the count vector. We
concatenate this count vector with the output of the final feature scaler (after feature extraction
and imputation) with the help of feature union. We then finally use logistic regression again to get
the final predicted probability of the mortality label. If we decide to use notes alone, we can skip
the concatenation part after using bag-of-words and directly use the logistic regression classifier.

In this thesis, we run the experiments of 24 hour, 48 hour and retrospective mortality with

all different sets of features -

e Structured features alone

! scikit-learn.org
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e Note features alone

e Both Structured and Note features

So, there are two things that we want to find from the main hypothesis. First, is whether
our structured variables perform better than those in the baseline, and second, do notes provide
additional predictive power to the structured variables.

For the 24 hour mortality prediction task, the Ghassemi et al. [2014] and Harutyunyan et al.
[2017] ROC AUC scores are the same upto the third decimal. As far as our structured variables
are concerned, we see a major improvement of the ROC AUC score by more than 0.7 units. The
Ghassemi et al.| [2014] papeIE] gets a higher Mortality @ K socre than the Harutyunyan et al.| [2017]
paper for all values of K and does better than our approach for K = 10, but then sharply declines
while our scores improves, indicating the robustness of our model compared to the earlier baseline.
When we bring in notes, however, they perform almost as good as the baseline structured variables
and have a much better Mortality @ K score, but do not perform as good as our structured variables.
When we combine the notes and structured variables together, we see a marginal improvement in
the ROC AUC score and the Mortality @ K is also improved.

For the 48 hour mortality prediction task, the Ghassemi et al. [2014] approach performs worse
than what it did previously for the 24 hour mortality prediction task. The ROC AUC score for the
Harutyunyan et al.| [2017] paper improves by 0.3 units, while the Mortality @ K score deteriorates
further from the 24 hour task. Our structured variables remain more robust, although the ROC
AUC score improves by only 0.1 unit, still the Mortality @ K score also increases considerably.
When we use notes, They perform better than the |Ghassemi et al. [2014] paper but worse than
the Harutyunyan et al.| [2017] paper. But it is able to beat both the approaches as far as Mortality
@ K is concerned. When we combine the notes and structured variables, we see a similar result
as we got for the 24 hour prediction, with both the ROC AUC scores and Mortality @ K showing

marginal improvements.

2 Note that this does not have a timeseries aspect, but we keep those instances that are also there in the other
two model inputs, to ensure fairness.
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For the retrospective mortality prediction task, the |Ghassemi et al.| [2014] approach performs
almost the same as it did for the earlier two setups (since there is no notion of time in this setup).
The ROC AUC score of the Harutyunyan et al.| [2017] shows considerable amount of improvement
in the ROC AUC score, getting 0.96 units. The mortality @ K score also improves considerably
well. Our structured variables perform even better than this approach and get an ROC AUC score
of 0.98 with a slightly better Mortality @ K, with changes only reflecting when K = 1000. When
we use notes, though we get an ROC AUC score of 0.93, we get a much better Mortality @ K,
getting 1 for both K = 10 and K = 50. Combining the notes and structured variables show only
marginal improvements, in both ROC AUC score and Mortality @ K.

Therefore, after looking at these prediction outcomes, we can say that our structured variables
are more robust and perform better than the baseline approaches for all the three prediction setups.
On the other hand, we also see that notes do provide additional predictive power to the structured

variables, though that improvement is very marginal.

Table 4.1: Results of overall 24 Hour mortality prediction.

Ghassemi Harutyunyan| Structured | Notes Structured
et al. | et al. | Variables Variables +
(2014) (2018) Notes
ROC AUC Score 0.767 0.767 0.834 0.765 0.838
Mortality @ K = 10 0.800 0.500 0.600 0.900 0.700
Mortality @ K = 50 0.620 0.580 0.860 0.540 0.800
Mortality @ K = 100 | 0.620 0.550 0.760 0.430 0.790
Mortality @ K = 500 | 0.404 0.408 0.474 0.360 0.484
Mortality @ K = 1000 | 0.293 0.302 0.384 0.302 0.388
4.3 Certain parts of notes are more valuable than other parts

In chapter 2, we gave this hypothesis in order to find what are valuable inside of notes and
what are not. To test this, we use different subsets of notes and see what subsets perform better

with our in-hospital mortality prediction task.
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Table 4.2: Results of overall 48 Hour mortality prediction.

Ghassemi Harutyunyan| Structured | Notes Structured

et al. | et al. | Variables Variables +

(2014) (2018) Notes
ROC AUC Score 0.754 0.797 0.846 0.781 0.848
Mortality @ K = 10 0.900 0.300 0.800 0.600 0.900
Mortality @ K = 50 0.540 0.540 0.820 0.440 0.860
Mortality @ K = 100 | 0.560 0.530 0.720 0.410 0.750
Mortality @ K = 500 0.364 0.384 0.462 0.348 0.472
Mortality @ K = 1000 | 0.259 0.307 0.348 0.280 0.350

A. Physician notes are more useful compared to the other categories of notes.
To test this, we do not concatenate all the notes together. Instead we concatenate notes from each
category together. So for each category, we use a seperate logistic regression classifier. we again
use 14 different logistic regression classifiers which would have the same structured variables (or
not if we decide to use notes alone), but different Bag-of-words features.

As we can see from the experiment results, all different categories of notes when combined
with structured variables are used for prediction, there is only a marginal difference in the ROC
AUC scores and Mortality @ K scores for all different categories of notes. However, once we
remove structured variables and perform the prediciton task on categories of notes alone, we find
that Nursing/other notes perform the best when it comes to both the ROC AUC score and the
Mortality @ K score. The Radiology notes come at a close second when we talk about ROC AUC
scores alone, but they do not get a comparable Mortality @ K score. The Physician notes also do
not show a comparable result in both the ROC AUC and Mortality @ K scores for any of the time
periods in the task. Therefore, we can say that Physician notes are not the most useful or valuable
category of notes.

B. The common english words in notes are less useful compared to the uncommon
english words (which also includes most medical words). To test this, we first concatenate

all the notes together and then filter all the words out which belong to the google top 10,000 english
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Table 4.3: Results of overall Retrospective mortality prediction.

Ghassemi Harutyunyan| Structured | Notes Structured

et al. | et al. | Variables Variables +

(2014) (2018) Notes
ROC AUC Score 0.778 0.968 0.980 0.930 0.981
Mortality @ K = 10 0.800 0.900 0.900 1.000 1.000
Mortality @ K = 50 0.800 0.960 0.960 1.000 0.980
Mortality @ K = 100 | 0.640 0.970 0.980 0.940 0.990
Mortality @ K = 500 | 0.468 0.978 0.978 0.804 0.980
Mortality @ K = 1000 | 0.348 0.736 0.768 0.601 0.768

word list’| . That note would act as the notes with common english words and the words that did
not belong to the top 10,000 english words would act note with the uncommon english words. We
think that most of the medical domain words are included as a part of notes with uncommon english
words. We then use two seperate logistic regression classifiers to test which type of note evaluates
better.

As we can see from the experiment results, the common english words in notes perform
marginally better in terms of the ROC AUC score than the uncommon english words (which may
also include a lot of medical domain words) in notes if we also include the structured variables. If
we remove structured variables, the common english words in notes seem to perform much better
than the uncommon english words in notes in terms of ROC AUC Scores alone. For both of these
subsets, Mortality @ K scores are most of the time same or within a comparable range. Therefore,
we can say, to our surprise, that common english words in notes perform better at predicting
mortality than the uncommon english words in notes.

C. The nouns in notes are more useful compared to both adjectives and verbs. To
test this hypothesis, we use spacyE] to get the part-of-speech tags of every word in the concatenated
note and then filter out 4 seperate notes, one with only nouns, one with only proper nouns, one

with adjectives and one with verbs. We then use the same logistic regression model to test which

3 https://github.com/first20hours,/google-10000-english
4 spacy.io
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kind of note would evaluate better.

As we can see from the experiment results, Nouns and Proper Nouns perform almost com-
parable to each other, while performing better than Adjectives and Verbs as far as the ROC AUC
scores are concerned. When we include the structured variables, all the scores are almost compa-
rable but when we remove structured variables, Nouns seem to perform the best when it comes
to both the ROC AUC score and Mortality @ K score. Proper Nouns perform almost as good as
Nouns when we look at the ROC AUC scores, but do not compare when we look at Mortality @
K. Adjectives perform a little in the intermediary for both the ROC AUC scores and Mortality
@ K scores. The Verbs perform the poorest of the four, getting the lowest ROC AUC score for
all different period lengths. Therefore, we can say that Nouns perform the best and are the most
useful in notes compared to Adjectives and Verbs.

D. The notes that are similar to previous notes (what we term as “copy-pasted”)
are less useful compared to notes that less similar, i.e, are original and concise. To
test this hypothesis, we do a sentence level tokenization of every note. Then for every sentence in
the note, we calculate the cosine similarity of that sentence with all the sentences in all the notes
written before it and pick the maximum similarity as the similarity of the sentence. After this is
done, we calculate the similarity of the note by averaging the similarities of all the sentences in the
notes. We consider the similarity of the first note in the timeseries to be 0. Then for all the notes,
once we get the similarity, we sort them and find the first and third quantiles. All notes having
similarity greater than first quantile would be considered as “copy-pasted” notes, and the notes
having similarity less than the third quantile would be considered as original notes. We then train
seperate logistic regression classifiers for these two kinds of notes and report the results.

As we can see from the experiment results, notes that are not “copy-pasted”, or are less
similar to the previous notes, perform better in terms of both the ROC AUC score as well as the
Mortality @ K score. Therefore, we can say that notes that are more similar to previous notes (or
say, are “copy-pasted”) have less value/predictive power than the notes that are less similar, i.e.,

are original and concise.
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Table 4.4: Results of 24 Hour Mortality Prediction - Subset of Category with Structured Variables.

All Notes Nursing / | Physician Nursing Radiology Echo
Other
ROC AUC Score 0.838 0.825 0.832 0.835 0.831 0.833
Mortality @ K = 10 0.700 0.700 0.700 0.700 0.600 0.600
Mortality @ K = 50 0.800 0.840 0.820 0.820 0.840 0.840
Mortality @ K = 100 | 0.790 0.770 0.770 0.770 0.820 0.780
Mortality @ K = 500 | 0.484 0.466 0.466 0.476 0.466 0.468
Mortality @ K = 1000 | 0.388 0.366 0.380 0.376 0.373 0.377
Table 4.5:  Results of 24 Hour Mortality Prediction - Subset of Category without Structured
Variables.
All Notes Nursing /| Physician Nursing Radiology Echo
Other
ROC AUC Score 0.765 0.677 0.550 0.567 0.674 0.545
Mortality @ K = 10 0.900 0.900 0.400 0.700 0.100 0.300
Mortality @ K = 50 0.540 0.740 0.400 0.580 0.280 0.320
Mortality @ K = 100 | 0.430 0.620 0.380 0.430 0.310 0.250
Mortality @ K = 500 | 0.360 0.376 0.146 0.188 0.276 0.156
Mortality @ K = 1000 | 0.302 0.242 0.134 0.146 0.247 0.128
Table 4.6: Results of 48 Hour Mortality Prediction - Subset of Category with Structured Variables.
All Notes Nursing / | Physician Nursing Radiology Echo
Other
ROC AUC Score 0.848 0.831 0.844 0.846 0.841 0.845
Mortality @ K = 10 0.900 0.900 0.900 0.900 0.900 0.900
Mortality @ K = 50 0.860 0.820 0.780 0.800 0.800 0.820
Mortality @ K = 100 | 0.750 0.750 0.720 0.730 0.720 0.730
Mortality @ K = 500 | 0.472 0.436 0.464 0.468 0.458 0.454
Mortality @ K = 1000 | 0.350 0.341 0.349 0.349 0.344 0.349




Table 4.7:
Variables.

Results of 48 Hour Mortality Prediction - Subset of Category without Structured

All Notes Nursing / | Physician Nursing Radiology FEcho
Other
ROC AUC Score 0.781 0.697 0.552 0.572 0.657 0.557
Mortality @ K = 10 0.600 0.600 0.400 0.700 0.000 0.100
Mortality @ K = 50 0.440 0.800 0.400 0.500 0.260 0.160
Mortality @ K = 100 | 0.410 0.630 0.290 0.360 0.240 0.210
Mortality @ K = 500 | 0.348 0.344 0.132 0.162 0.260 0.152
Mortality @ K = 1000 | 0.280 0.224 0.116 0.134 0.174 0.122
Table 4.8: Results of Retrospective Mortality Prediction - Subset of Category with Structured
Variables.
All Notes Nursing /| Physician Nursing Radiology Echo
Other
ROC AUC Score 0.981 0.981 0.981 0.981 0.981 0.981
Mortality @ K = 10 1.000 1.000 1.000 1.000 1.000 1.000
Mortality @ K = 50 0.980 0.980 0.980 0.980 0.980 0.980
Mortality @ K = 100 | 0.990 0.990 0.990 0.990 0.990 0.990
Mortality @ K = 500 | 0.980 0.792 0.980 0.980 0.980 0.976
Mortality @ K = 1000 | 0.768 0.768 0.768 0.767 0.768 0.765
Table 4.9: Results of Retrospective Mortality Prediction - Subset of Category without Structured
Variables.
All Notes Nursing / | Physician Nursing Radiology Echo
Other
ROC AUC Score 0.930 0.844 0.611 0.627 0.769 0.600
Mortality @ K = 10 1.000 1.000 0.900 1.000 0.600 0.300
Mortality @ K = 50 1.000 1.000 0.880 0.860 0.600 0.300
Mortality @ K = 100 | 0.940 1.000 0.720 0.840 0.600 0.340
Mortality @ K = 500 | 0.804 0.778 0.270 0.292 0.434 0.250
Mortality @ K = 1000 | 0.601 0.465 0.202 0.212 0.277 0.202




Table 4.10:

ables.

Table 4.11:

Variables.

Table 4.12:

ables.

All Notes Common Uncommon
English English
(including
Medical)
ROC AUC Score 0.838 0.838 0.836
Mortality @ K = 10 0.700 0.700 0.700
Mortality @ K = 50 0.800 0.840 0.840
Mortality @ K = 100 | 0.790 0.760 0.780
Mortality @ K = 500 | 0.484 0.480 0.472
Mortality @ K = 1000 | 0.388 0.386 0.386
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Results of 24 Hour Mortality Prediction - Subset of Language with Structured Vari-

Results of 24 Hour Mortality Prediction - Subset of Language without Structured

All Notes Common Uncommon
English English
(including
Medical)
ROC AUC Score 0.765 0.740 0.717
Mortality @ K = 10 0.900 0.400 0.400
Mortality @ K = 50 0.540 0.400 0.260
Mortality @ K = 100 | 0.430 0.380 0.220
Mortality @ K = 500 | 0.360 0.310 0.202
Mortality @ K = 1000 | 0.302 0.266 0.235

All Notes Common Uncommon
English English
(including
Medical)
ROC AUC Score 0.848 0.847 0.847
Mortality @ K = 10 0.900 0.900 0.900
Mortality @ K = 50 0.860 0.820 0.820
Mortality @ K = 100 | 0.750 0.750 0.730
Mortality @ K = 500 | 0.472 0.470 0.464
Mortality @ K = 1000 | 0.350 0.355 0.350

Results of 48 Hour Mortality Prediction - Subset of Language with Structured Vari-



Table 4.13:
Variables.
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Results of 48 Hour Mortality Prediction - Subset of Language without Structured

All Notes Common Uncommon
English English
(including
Medical)
ROC AUC Score 0.781 0.766 0.715
Mortality @ K = 10 0.600 0.400 0.300
Mortality @ K = 50 0.440 0.320 0.240
Mortality @ K = 100 | 0.410 0.360 0.220
Mortality @ K = 500 | 0.348 0.308 0.190
Mortality @ K = 1000 | 0.280 0.258 0.183

Table 4.14: Results of Retrospective Mortality Prediction - Subset of Language with Structured

Variables.

All Notes Common Uncommon
English English
(including
Medical)
ROC AUC Score 0.981 0.982 0.981
Mortality @ K = 10 1.000 1.000 1.000
Mortality @ K = 50 0.980 0.980 0.980
Mortality @ K = 100 | 0.990 0.990 0.990
Mortality @ K = 500 | 0.980 0.980 0.980
Mortality @ K = 1000 | 0.768 0.768 0.768

Table 4.15: Results of Retrospective Mortality Prediction - Subset of Language without Structured

Variables.

All Notes Common Uncommon
English English
(including
Medical)
ROC AUC Score 0.930 0.900 0.858
Mortality @ K = 10 1.000 1.000 1.000
Mortality @ K = 50 1.000 0.820 0.900
Mortality @ K = 100 | 0.940 0.760 0.780
Mortality @ K = 500 | 0.804 0.678 0.450
Mortality @ K = 1000 | 0.601 0.525 0.396
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Table 4.16: Results of 24 Hour Mortality Prediction - Subset of Part-of-Speech Tag with Structured

Variables.
All Notes Noun Proper Adjective Verb
Noun

ROC AUC Score 0.838 0.836 0.837 0.836 0.836
Mortality @ K = 10 0.700 0.700 0.700 0.700 0.700
Mortality @ K = 50 0.800 0.840 0.840 0.840 0.860
Mortality @ K = 100 | 0.790 0.790 0.780 0.810 0.790
Mortality @ K = 500 | 0.484 0.466 0.472 0.468 0.472
Mortality @ K = 1000 | 0.388 0.381 0.385 0.382 0.378

Table 4.17:  Results of 24 Hour Mortality Prediction - Subset of Part-of-Speech Tag without
Structured Variables.
All Notes Noun Proper Adjective Verb
Noun
ROC AUC Score 0.765 0.703 0.705 0.676 0.645
Mortality @ K = 10 0.900 0.700 0.200 0.100 0.400
Mortality @ K = 50 0.540 0.380 0.320 0.180 0.320
Mortality @ K = 100 | 0.430 0.310 0.310 0.210 0.310
Mortality @ K = 500 | 0.360 0.170 0.240 0.228 0.182
Mortality @ K = 1000 | 0.302 0.203 0.214 0.209 0.178

Table 4.18: Results of 48 Hour Mortality Prediction - Subset of Part-of-Speech Tag with Structured

Variables.
All Notes Noun Proper Adjective Verb
Noun

ROC AUC Score 0.848 0.847 0.849 0.848 0.848
Mortality @ K = 10 0.900 0.900 0.900 0.900 0.900
Mortality @ K = 50 0.860 0.820 0.820 0.820 0.820
Mortality @ K = 100 | 0.750 0.740 0.760 0.740 0.740
Mortality @ K = 500 | 0.472 0.468 0.462 0.466 0.460
Mortality @ K = 1000 | 0.350 0.350 0.350 0.349 0.348
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Table 4.19:  Results of 48 Hour Mortality Prediction - Subset of Part-of-Speech Tag without
Structured Variables.
All Notes Noun Proper Adjective Verb
Noun
ROC AUC Score 0.781 0.735 0.724 0.704 0.677
Mortality @ K = 10 0.600 0.700 0.600 0.400 0.200
Mortality @ K = 50 0.440 0.300 0.380 0.360 0.280
Mortality @ K = 100 | 0.410 0.250 0.300 0.290 0.250
Mortality @ K = 500 | 0.348 0.186 0.222 0.236 0.200
Mortality @ K = 1000 | 0.280 0.191 0.203 0.195 0.185

Table 4.20: Results of Retrospective Mortality Prediction - Subset of Part-of-Speech Tag with
Structured Variables.
All Notes Noun Proper Adjective Verb
Noun
ROC AUC Score 0.981 0.981 0.981 0.981 0.981
Mortality @ K = 10 1.000 1.000 1.000 1.000 1.000
Mortality @ K = 50 0.980 0.980 0.980 0.980 0.980
Mortality @ K = 100 | 0.990 0.990 0.990 0.990 0.990
Mortality @ K = 500 | 0.980 0.980 0.980 0.978 0.978
Mortality @ K = 1000 | 0.768 0.768 0.767 0.767 0.767

Table 4.21: Results of Retrospective Mortality Prediction - Subset of Part-of-Speech Tag without

Structured Variables.

All Notes Noun Proper Adjective Verb
Noun

ROC AUC Score 0.930 0.868 0.861 0.780 0.822
Mortality @ K = 10 1.000 1.000 0.800 0.700 0.900
Mortality @ K = 50 1.000 0.940 0.760 0.480 0.820
Mortality @ K = 100 | 0.940 0.840 0.680 0.470 0.790
Mortality @ K = 500 | 0.804 0.452 0.546 0.386 0.556
Mortality @ K = 1000 | 0.601 0.416 0.431 0.315 0.431
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Table 4.22: Results of 24 Hour Mortality Prediction - Subset of “Copy Pasting” with Structured
Variables.

All Notes “Copy-Pasted” Original (not sim-

(similar to previ- | ilar to previous
ous notes) notes)
ROC AUC Score 0.838 0.835 0.837
Mortality @ K = 10 0.700 0.700 0.700
Mortality @ K = 50 0.800 0.820 0.840
Mortality @ K = 100 | 0.790 0.780 0.790
Mortality @ K = 500 | 0.484 0.484 0.476
Mortality @ K = 1000 | 0.388 0.384 0.391

Table 4.23: Results of 24 Hour Mortality Prediction - Subset of “Copy Pasting” without Structured
Variables.

All Notes “Copy-Pasted” Original (not sim-

(similar to previ- | ilar to previous
ous notes) notes)
ROC AUC Score 0.765 0.748 0.762
Mortality @ K = 10 0.900 0.900 0.900
Mortality @ K = 50 0.540 0.580 0.520
Mortality @ K = 100 | 0.430 0.510 0.460
Mortality @ K = 500 | 0.360 0.378 0.374
Mortality @ K = 1000 | 0.302 0.292 0.304

Table 4.24: Results of 48 Hour Mortality Prediction - Subset of “Copy Pasting” with Structured
Variables.

All Notes “Copy-Pasted” Original (not sim-

(similar to previ- | ilar to previous
ous notes) notes)
ROC AUC Score 0.848 0.844 0.847
Mortality @ K = 10 0.900 0.900 0.900
Mortality @ K = 50 0.860 0.840 0.820
Mortality @ K = 100 | 0.750 0.740 0.730
Mortality @ K = 500 | 0.472 0.468 0.466
Mortality @ K = 1000 | 0.350 0.351 0.349
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Table 4.25: Results of 48 Hour Mortality Prediction - Subset of “Copy Pasting” without Structured
Variables.

All Notes “Copy-Pasted” Original (not sim-

(similar to previ- | ilar to previous
ous notes) notes)
ROC AUC Score 0.781 0.765 0.782
Mortality @ K = 10 0.600 0.700 0.600
Mortality @ K = 50 0.440 0.480 0.520
Mortality @ K = 100 | 0.410 0.460 0.460
Mortality @ K = 500 | 0.348 0.354 0.354
Mortality @ K = 1000 | 0.280 0.260 0.282

Table 4.26: Results of Retrospective Mortality Prediction - Subset of “Copy Pasting” with Struc-
tured Variables.

All Notes “Copy-Pasted” Original (not sim-

(similar to previ- | ilar to previous
ous notes) notes)
ROC AUC Score 0.981 0.981 0.981
Mortality @ K = 10 1.000 1.000 1.000
Mortality @ K = 50 0.980 0.980 0.980
Mortality @ K = 100 | 0.990 0.990 0.990
Mortality @ K = 500 | 0.980 0.980 0.980
Mortality @ K = 1000 | 0.768 0.767 0.768

Table 4.27: Results of Retrospective Mortality Prediction - Subset of “Copy Pasting” without
Structured Variables.

All Notes “Copy-Pasted” Original (not sim-

(similar to previ- | ilar to previous
ous notes) notes)
ROC AUC Score 0.930 0.886 0.927
Mortality @ K = 10 1.000 1.000 1.000
Mortality @ K = 50 1.000 0.900 1.000
Mortality @ K = 100 | 0.940 0.890 0.930
Mortality @ K = 500 | 0.804 0.742 0.790
Mortality @ K = 1000 | 0.601 0.511 0.597




Chapter 5

Conclusion and Future Work

5.1 Conclusion

As we saw from this work, we started with the motivation to help doctors write better notes
in Electronic Health Records, because of the various challenges they face, like burnout of doctors
due to information overloading. We also saw the benefits that good notes provide, like maintaining
continuity in healthcare, enabling patient engagement, and patient activation. We then saw how
machine learning has been widely used in electronic health records, since doctors cannot write
better notes with human assistance, and they do need machine assistance for it. Because of the
various machine learning applications available, we saw that we can use it to assist doctors to write
better notes, and so we need to learn how to help doctors to do that. So it is important to know
what parts of the notes are important and which ones are not, because if we can find what parts of
notes are useful to the doctors, we can help save a lot of the doctor’s time and provide them with
the relevant information to write clean and good notes. Therefore, we were motivated from this
thought process to study and understand the value of notes in EHRs.

According to recent literature, a lot of the machine learning focus on EHRs is the task of
mortality prediction. To get baselines easily and compare our approach with existing approaches,
we decide to use this task of in-hospital mortality prediction and see if notes provide value to
effective prediction for this task. Concretely, we use the MIMIC-III dataset, and understand its
Patient related and Hospital related tables, after which we use all the patients and events tables,

filter certain records, to form timeseries out of this data. Once we have gotten that, we use the
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timeseries to generate 3 benchmark datasets - one for predicting mortality after 24 hours of a
patient’s admission, one for predicting mortality after 48 hours of a patient’s admission, and one
retrospective mortality prediction, where we take all of the data associated with a patient’s stay,
and then try to predict whether the patient died or not.

We pick up two baseline approaches, one using a Linear SVM with 6 features and a Logistic
Regression with 712 features. Since all of these features were from structured variables, we de-
cided to compare our method’s structured variables (with 32,214 features) with the previous two
approaches. Additionaly, we compare the performace of a seperate bag-of-words classifier obtained
from the notes, with the structured variables and also see if the combining the structured vari-
ables and the bag-of-words features from notes improve the mortality prediction. We also try the
experiements on various subsets of notes, and see if some parts of notes are better at predicting
mortality than other parts. We report all the predcition scores with an ROC AUC score, and a
Mortality @ K score (which is just a Prediction @ K score).

After obtaining all the results, we find that structured variables outperform both the baseline
approaches by a big margin, in terms of both the ROC AUC score and the Mortality @ K score,
for all the three prediction tasks. We then test our primary hypothesis, and learn that notes add a
marginal predictive power to the structured variables, for all the three task setups. But in general,
notes do get a good Mortality @ K score and perform almost as good as the structured baselines.
When we test our secondary hypothesis, and find that Nursing/other notes are the most useful in
all categories of notes, likely driven by their volume, but unlike our hypothesis that Physician notes
would be the most useful. We then see that the common english words in notes are more useful
than the uncommon english words for all three prediction tasks, with the changes reflecting mostly
in the ROC AUC scores, and a comparable difference in the Mortality @ K scores. We futher come
to find that nouns in notes are more useful than adjectives or verbs, for all of the prediction tasks.
Finally, we also see that notes that are less similar (what we term as “original”) to previous notes
for a patient’s health record are more useful compared to notes that are more similar (what we

term as “copy-pasted”).
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Therefore, notes are indeed valuable and there is much more scope for understanding in detail
as to what extent, notes can add additonal value to structured information in Electronic Health
Records. Moreover, the identification of valuable parts of notes can help in looking for methods
to obtain those valubale parts quickly so as to help doctors write good notes and overcome the

challenges.

5.2 Future Work

Currently we are using the Bag-of-words approach to concatenate that vector to the struc-
tured variables vector. In that process, we lose all the timeseries information associated with the
note. To overcome that, we would like to use the model by (Che et al|[2018] to try to keep the
timeseries information preserved for not only structured variables, but also for notes. As the paper

states, missing information is actually very informative, since it relies on two main points -

e If a value has been missing from a long time in the timeseries, the probability that its value

is close to the default value is very high.

e If a value has been missing from a long time in the timeseries, that particular variable loses

its influence on the final prediction.

Since both of these two points indicate some sort of a decay of features, the authors introduce
the model called GRU-D, where D stands for Decay. The GRU-D takes 3 things as input, a value
of timeseries, a masking for the timeseries which is 1 if the value is present and 0 if it is not present,
and a timedelta matrix, which tells us for how long a particular feature value is missing from the
timeseries.

To use the GRU-D for note data, we can use two ways - we can either use of the pre-trained
embeddings from one of the methods described in Section 2.3, or train our own embedding, which
currently sounds more reasonable, given the restrictions of the dataset. We are still working on

this method and will report the results of this experiement in the future.



o7

Figure 5.1: Overview of the GRU-D Model. (a)Normal GRU, (b) Proposed GRU-D, (c¢) Illustration
of GRU-D on our time series data with missing values. Image courtesy of |Che et al.l |2018].
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Furthermore, we would like to differentiate our experiments for CareVue and MetaVision
patients seperately and see if we do better with MetaVision patients, since they have a lot more
fraction of notes, especially Physician notes. We would also like to try all the methods that we
introduced on a bigger dataset than MIMIC-III, and since that dataset would have more notes, it
would be interesting to see how our model behaves and see using bigger datasets reinforce the fact

about the usefulness of notes.
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