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Abstract

In this paper we develop and study machine learning based models based on latent semantic
indexing capable of automatically assigning diagnoses and diagnostic categories to patients based
on structured clinical data in their Electronic Health record (EHR). These models can be either
used for automatic coding of patient’s diagnoses from structured EHR data at the time of
discharge, or for supporting dynamic diagnosis and summarization of the patient condition. We
study the performance of our diagnostic models on MIMIC-I11 EHR data.
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1 Introduction

Healthcare is one of the most promising areas for applications of data mining and machine
learning methodologies. Since the adoption of electronic health records (EHRs), there has
been an explosion in digital clinical data available for learning and analysis. However, the
development of models that are derived from such data and that can solve important clinical
problems still lags the advances in data collection. One important that can use such data is
the problem of automated assignment of diagnoses to EHRs. Motivation behind solving this
problem can be summarized as follows. First, automated diagnostic assignments can be used
as a utility that informs clinician about the diagnoses associated with the current patient.
Second, it can be used as a patient condition summarization tool to define proper context for
analysis of patient management steps or to support improved prediction of future outcomes.

Going from structured EHR data to automated diagnoses is not easy. First, structured EHRs
consist of a large number of time series that represent variety of labs, physiological
measurements, symptoms, treatments, procedures, etc. Hence it is not easy to automatically
associate the signals in these time series with specific diagnoses, especially when the
diagnoses are defined by a combination of these signals or the same diagnosis can be
confirmed by multiple alternative signals. This problem is even more challenging when data
are sparse (data are collected at irregular times) and many time series for the patient cases
are unknown or missing. Second, the assignment of diagnoses to patient case is typically
done at the time of the discharge, which means it is not only unclear what the signals related
to the specific diagnosis are but also when they occurred in time. Finally, some diagnoses are
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very rare and even with moderate to large EHR repositories the number of patients suffering
from the specific disease is very small, so learning of diagnostic models for such diseases is
not feasible.

In this work we study this important problem by investigating methods from text mining,
natural language processing (NLP) and information retrieval, but apply them to structured
EHR data. Briefly we consider each patient’s EHR to be equivalent to a document, and
clinical events of different kinds recorded in EHR as words or terms in the document. To
represent different events describing the patient case we consider the bag-of-word (BoW)
representation that uses individual event counts and transform it using a lower-dimensional
projection, based on Latent Semantic Indexing[5] that aims to better reflect semantic
relations between events. The advantage of such a representation is that it permits us to
consider a large number of events of different types typically found in the EHR data, and is
also robust in handling missing and unknown data sources very common in EHRSs.
Additionally, it helps us to define the meaningful similarity among the patients as well as
similarities among the words (clinical events). We use this new patient case representation to
build models for individual diagnoses, as well as, diagnostic categories we define with the
help of icd-9 hierarchy. Through experiments we demonstrate our new representation is able
define accurate diagnostic models at different levels of abstractions.

2 Related Work

Majority of existing work modelling patient diagnostic process fall into one of two
categories. The first group tackles prediction of future patient visit diagnosis. Lipton et al.
proposed a Recurrent Neural Network (RNN) architecture based on Long Short Term
Memory units to predict future patient visit diagnosis from a collection of 13 clinical
variables [8]. GRAM [3] is an attention based RNN network that uses a BoW representation
of patient’s previous diagnosis as their input and take advantage of diagnosis hierarchies to
extend low level diagnosis to categories. The second category of existing work studies the
problem of automatic diagnosis assignment at the end of hospitalization and it is mainly
motivated by improving hospital billing process. Other solutions were also proposed based
on Autoencoder and LSTM neural network architectures [10, 12].

The data models and SVVD-based lower dimensional projections we propose in our work are
typically used for analysis of text data. For example, SVD has been applied in addition to
information retrieval and document analysis [2]. In terms of clinical applications, SVD and
other lower dimensional representation methods including non-negative matrix factorization
have been used on EHR data for missing value imputation [1], future visit diagnosis
prediction [9] and medical phenotyping [11]. Despite numerous studies in diagnoses
prediction and assignment, the existing work has not attempted to take advantage of the
entire span of structured clinical data in EHR nor they have studied the advantage of looking
at diagnostic categories as target variables.
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3 Methodology

Let Vjdenote a patient visit /and let D={V1, V5, ..., V)p}be a set of all patient visits in our
data. A visit can be defined as V;= {x;, y,} where x;and y;are respectively a set of clinical
events and diagnoses assigned to the patient during the visit. Clinical events are formed by a
discrete representation of clinical information derived from Electronic Health Records (see
below for details). Additionally, we adopt a bag-of-word (BoW) representation of a patient’s

EHR, therefore, x; NE reflects the number of occurrences of each clinical event during a

patient’s stay where £is the total number of event types.

L ow dimensional representation of patient’s clinical information is a key step in
summarizing the information important for learning of diagnostic models. We define a low

dimensional embedding as a mapping E — [Rk:xi:ul. that maps a patient’s visit’s data to a new

lower dimension dense vector u; € RF while & << /EJ. Automatic learning of a low

dimensional representation of complex data vectors is one of the most actively studied topics
in machine learning research [4]. Our goal in this work is to show that these methods are
capable supporting our problem - automatic assignment of diagnoses to patient’s clinical
data. Briefly, Electronic Health Records contain tens of thousands of different information
including medications, procedures and surgeries, lab results, vital signs, pain scores and etc.
However, often this data contain missing values. Additionally, much of this information is
interrelated, conveying interchangeable or opposite information regarding patient condition.
For example, various medications are used to treat blood pressure related conditions
including Diuretics, Beta blockers and Alpha-1-Agonist medications. However, the first two
are prescribed to patients with high blood pressure and the third group is ordered for patients
with low blood pressure. Therefore, with the help of lower dimensional representation
methods one can learn compact representations of patient data that a simple bag-of-word
model fails to do.

L atent semantic indexing is a statistical method for analyzing the relationship between a
set of documents and terms used in information retrieval by finding underlying concepts [5].
This is done by finding a Singular Value Decomposition(SVD) of original term-document
matrix A. We consider each patient’s EHR to be equivalent to a document, and clinical
events of different kinds recorded in EHR as words or terms in the document. The
underlying concepts are in fact eigenvectors of symmetric matrix X7 X and are represented
in the left singular vector matrix in A = UXV/7. Therefore, rank & Singular value
decomposition of patient matrix Xp, ez can be obtained as:

T
X116 = U2’ xgm - )

The lower dimensional representation of v;can be obtained as v= x;VZ7.

L earning diagnostic models includes learning one model per y; (diagnosis or diagnostic
category) using logistic regression with L2 regularization to capture the input-output
relations. All models use low dimensional vectors as their inputs. If the lower dimensional
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representation is successful in capturing all important information about the patient visit in a
compact form, we expect it to be sufficient. We note that this approach is not optimized to
capture the relations among different diagnoses and their categories. We leave the study of
these models to our future work.

4 Experiments

We experiment with our models on MetaVision part of MIMIC-I1I [7], an open access EHR
dataset obtained over a 12-year time span that covers 22K patient visits or hospitalization to
ICU. MIMIC-I111 encodes patients’ diagnoses using standard ICD-9 codes. We enrich the
ICD-9 codes with diagnostic categories defined by ICD-9 hierarchy. We limited our
experiments to ICD-9 codes with at least 0.02 for prior probability of positive examples
chosen to guarantee enough positive examples for learning and cross validation. This results
in 421 diagnoses and diagnosis categories. We evaluate the performance of our models on
the post-discharge diagnostic assignments expressed in terms of icd-9 diagnoses and their
categories using the area under receiver operating characteristics curve (AUROC) and area
under precision recall curve (AUPRC). The latter statistics is known to be more appropriate
in the presence of imbalanced data [6].

Data processing is needed before creating a bag-of-word representation of patient data. We
convert patient information in EHR to a set of meaningful binary events. We used
medication and procedure orders by converting them to occurrence indicators. Laboratory
results and physiological measurements with numerical values were converted to Abnormal
Low, Normal or Abnormal High events based on their standard normal ranges, discrete
valued measurements were converted to events matching these values. Finally, pain
assessments were converted to special events reflecting the different pain levels. After the
conversion our new events data covered 4826 clinical events including 2420 for medication
orders, 116 for procedure orders, 2012 for laboratory results and 278 for physiological and
pain assessment measurements.

Resultsin Table 1 show that more accurate models can be learned by using higher level
(more general) diagnoses from disease hierarchy by taking advantage of their higher priors.
However, it is important to mention that moving up the hierarchy may not always improve
the models as generic categories might be harder to learn. An example of this case is the
category “Diseases of Genitourinary” in Table 1 that has lower AUPRC and AUROC from
its immediate sub-category. Additionally, generic categories may not be as informative.
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Table 1:

Performance of models for diagnoses on different ICD-9 hierarchy levels

Task Name Prior AUROC AUCPRC
Root ICD9 codes average 0434 0.74 0.647
All ICD-9 codes average 0.096 0.771 0.262
Diseases of Genitourinary 0.495 0.862 0.869
Nephritis related diseases 0.371 0.931 0.891
Acute renal failure 0.269 0.878 0.718

Ac kidny fail, tubr necr 0.056 0.897 0.376
Ac kidney failure NOS 0.213 0.832 0.527
Chronic kidney disease 0.198 0.917 0.742
Chr kidney dis stage 11l 0.029  0.863 0.158
End stage renal disease 0.053 0.971 0.79
Chronic kidney dis NOS  0.097 0.838 0.323

Diseases of Urinary Sys. 0.183 0.732 0.351
Disease of male Genital.. 0.061 0.657 0.102
Forms of Heart Failure 0.509 0.822 0.822
Heart failure 0.249 0.852 0.681
Systolic heart failure 0.096 0.808 0.324
Chr systolic hrt failure 0.035 0.732 0.091
Diastolic heart failure 0.103 0.81 0.331
Cardiac dysrhythmias 0.352 0.793 0.674
Cardiac arrest 0.026  0.849 0.211

Atr fibrillation & flutter 0.269 0.831 0.642

Atrial fibrillation 0.261 0.829 0.63
Atrial flutter 0.032 0.751 0.095
liver disease & cirrhosis 0.073 0.876 0.586
Alcohol cirrhosis liver 0.028 0.924 0.419
Cirrhosis of liver NOS 0.03  0.885 0.273
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