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Abstract— Medical practices are engaged and motivated
by new technologies and methods to enhance patient care as
efficiently as possible. These new methods and technologies
give way for medical practices and clinicians to have the
insight, comprehension, and projections to develop better
decisions and overall levels of care. In this paper, we propose
a model, PatientCentered-LSTM (or PC-LSTM), using the
states of the LSTM model to produce a novel, ontology-based
state system for data incompleteness. The overall architecture
and system design are based around utilizing the hidden and
cell states of the LSTM model to produce a network of states
for each of the corresponding hierarchies in an Electronic
Health Record (EHR) system. The resulting methodology
allows for an accurate and precise approach to predicting data
incompleteness in electronic health records.

Clinical relevance— The method presented uses the hierar-
chical nature of electronic health record systems to positively
influence the analysis of its data completeness; thereby, increas-
ing the possibility of improved healthcare outcomes.

I. INTRODUCTION

In the healthcare industry, Electronic Health Record (EHR)
systems control and help designate patient and medical data
throughout modern medical practices [1]. Medical infrastruc-
ture requirements can be highly demanding, and many EHR
systems have been created to solve most of the problems
seen in the practices the systems are employed in [2]. The
architecture of most EHR systems tend to be quite linear
and generally follow a design flow, leaving little room
for improvement and providing a simple, yet uninspired
user experience. System predictions and design flow is a
critical problem when it comes to medical records, and some
methods have been proposed to add an element of prediction
and improve the overall user experience of the different
records applications [3].
Different quality of life improvements, such as optimizing
the speed of data access and creating a user interface that
is more accessible, are critical for most medical practices to
keep up with the demands of modern society [4], [5]. Based
on this fact, the investigators chose to utilize and improve a
Long Short-Term Memory (LSTM) model to provide greater
accuracy and improved data hierarchy definitions.
The specific research objectives in this work are as follows:
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1) To propose a novel method of predicting data com-
pleteness in Electronic Health Record (EHR) systems
while leveraging the LSTM model’s states

2) To test the method on a series of EHR datasets where
there is significant amounts of missing data

3) To synthesize an ontology-based state model within
the LSTM network to alter the hierarchy of the EHR
system and assist with accuracy when predicting in-
complete data.

The authors propose a novel approach to predict the
completeness of data in electronic health records using
PatientCentered-LSTM (PC-LSTM). The section that follows
will explain the rationale behind the methods chosen for this
approach.

II. BACKGROUND

A. Recurrent Neural Networks (RNNs) for Data Incomplete-
ness

RNNs are a deep learning technique that utilize sequential
information and perform the same ”recurrent” tasks on each
element in a sequence of information. Traditional RNNs have
useful applications in data incompleteness and EHR data [6],
[7], such as the creation of domain knowledge graphs [8] and
understanding patient uncertainty [9]. Other applications in
the medical field include patient monitoring [10] and support
[11] in modern medical practices.

B. Application of Long short-term memory networks
(LSTMs) in Data Incompleteness

LSTMs are a sub-type of RNNs that have a much
greater memory capability for learning dependent
tasks/computations. LSTMs have several uses, and solve the
issues seen in vanilla RNNs. LSTMs have been applied to
Data Incompleteness in past studies such as [12] and [13],
however, each of these studies were not directly measuring
the completeness of data and were more focused on using
the completeness measurements during pre-processing. As
a result, there is a gap in the literature for the use of deep
learning models on data incompleteness.

III. METHODS

A. Mathematical Formulations

In this section, we present a methodology for creating the
process ontology and state functionality for an electronic
health records system, with the given structure assisting
in the design and modeling of Recurrent Neural Networks
(RNNs). The data collected in each of the categories and sub-
categories of the health records systems contain a timestamp,
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Fig. 1: Architecture using PC-LSTM on an Electronic Health Record system

Algorithm 1: PC-LSTM Model
Data: Health Records and EHR Hierarchy Data from

PC(overall architecture)
Result: Forecast and Optimization of EHR Hierarchy
Let n be the output neurons;
Let X be an empty model of Neural Networks;
Let Y be the set of Health Categories in PC;
Let Z be the set of Records Sections in PC;
for each y in Y do

X.add(layer(n)(y));
end
for each z in Z do

X.add(layer(n)(z));
end
for each h in Y do

Let sy = [i is a set instance of Health Categories
in PC — instance(i, h)];

for each j is sy do
layer(n)(j) → layer(n)(h);

end
Let sz = [z is a set instance of Records Sections

in PC — ValidC(h, z)];
for each k is sz do

layer(n)(k) → layer(n)(h);
end
if sc = [l is a set instance of Health Categories
in PC — instance(n, l)] then

layer(n)(h) → LSTM;
end

end
return X;

allowing the design of the ontology to be modeled after a
time ordered sequence, or a time series.
For this, we define a time series for the ordered data as the
following:

• A time-ordered sequence of arrays and data points
• The arrays and data points contain n values (where

values are numbered 1, 2, ..., n)
• Each value is associated with a timestamp
• The arrays and data points of n values match with the

inputs associated with the data measured at certain,
periodic intervals

This definition of a time series is adopted from several works
on time series networks [14], but does not encompass the
definition needed within the medical records ecosystem. To
reflect these needs, a new definition for an EHR system time
series is as follows:

• An EHR time series, Y = [c1, c2, ..., cn], is a time-
ordered sequence of arrays and data points

• Each point, ctn represents n data values for t timestamps
for c categories in the hierarchy, where the array of
hyperedges, X = [ct1, c

t
2, ..., c

t
n].

• Each point, ctn ∈ W = (X,H), where W is a
hypergraph with x vertices to represent the sub-category
data values corresponding to each record inputted into
the system.

• [hk, hl], where the ordered pair of directed hyperedges
is the subset of X and contains the values of the
categories measured in Y from cn.

• Our formal definition of hyperedges H = [(ck, cl)|(ck
precedes cl), ck, ci ⊆ X, ck ∩ ci = ∅].

B. PC-LSTM Algorithm and Explanation

Briefly, a typical medical practice requires precise and
accurate processes to deliver the highest quality patient care
possible. Ontologies can be used as a state within current
RNN models to better improve patient quality of care and
provide a more streamlined process in how EHR systems
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(a) Loss Values for data completeness (b) Predictive data completeness

Fig. 2: Loss values and predictive data completeness using PC-LSTM on COVID-19 EHR dataset

operate. Given the hierarchy of how these systems operate,
we propose a series of classes and rules to further define the
ontology development and state usage of the LSTM model
and provide further explanation for what each of these classes
mean:

• Each EHR system includes several different categories
and sub-categories where information is stored, where
the output in categories depends on the input from
the sub-categories, and each category has multiple sub-
categories. These sub-categories contain a hierarchy of
how they are stored, and their respective data.

• Measures are taken for all of the data in each of the
sub-categories, include timestamps and datatypes.

• Dependencies are measured in instances.
• validC identifies categories, and hasData identifies

completeness and availability of data in the sub-
categories.

• values represents the data measured for each data point
in the EHR system.

The methodology proposed follows a typical EHR archi-
tecture and goes through the system, checking for data
completeness as:

1) Identify the categories of an EHR system and subse-
quent hierarchical dependencies (instances(category0,
category1))

2) Identify the sub-categories of each indexed category
(validC(category0, subcategory1))

3) Identify whether the sub-categories have complete
datasets (hasData(subcategory0, data1))

4) Identify the completeness of the dataset in the sub-
categories (values(data0, data1))

By applying these stages and steps through the methodology,
the process for finding incomplete data becomes much faster
and has higher predictability. PC-LSTM utilizes the states of
a typical LSTM model and creates a binary representation
from the time series EHR data, with representations of the
incompleteness ranging from 0 to 1 (where 0 is incomplete
and 1 is complete). The states of the LSTM are utilized
to ”remember” and record the overall predicted score of
incompleteness, which get tuned further as the model is run.

IV. RESULTS
To show the practicality and use of the PC-LSTM model,

tests were done on several different datasets to measure data
completeness, where the goal was to properly predict when
a data field may be left incomplete and what tends to be the
most incomplete within the set of electronic health records.

A. Preprocessing and Data Incompleteness Analysis
The dataset used contains over 44,000,000 unique observa-

tions from COVID-19 cases in electronic health records from
across the country. This preprocessing and model extraction
methodology was represented in Figure 1 and gives a high-
level overview of what pre-processing steps were taken to
ensure high accuracy for data incompleteness prediction
when using PC-LSTM. The steps for preprocessing were the
following:

1) Define the incompleteness ratio of the dataset and the
distribution fitting model to be used

2) Get the fitted X and Y points from the dataset
3) Define column completeness ratios by the inverse of

incompleteness for each row of a specified column
4) Plot the data points from the completeness ratios onto

several different distributions to understand the fit of
the data. Based off of the fit, choose the most robust
incompleteness measure along with the date column to
convert data points into a time series dataset

5) Measure the unit root using the Dickey-Fuller Test,
then refit the dataset using a scaler and fit along the
incompleteness ratio

B. Evaluation of PC-LSTM
The task utilized in the case of testing PC-LSTM is

classification-based, and we can map missing data values
to 0, while the existing, complete data is mapped to 1. As
a result, we can check this using the Dickey-Fuller Test for
testing the null hypothesis and finding differences in a time
series set [15]. The results of the Dickey-Fuller Test can
be seen in Table I. Further representation of the analysis
can be seen in Figure 3. Figure 3 shows the predicted data
completeness values from the EHR usage dataset, following
the predictions from PC-LSTM. Figure 4 shows the state
representation of the ontology hierarchy in the EHR system.
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Fig. 3: Predicted data completeness processed by PC-LSTM

Fig. 4: Ontology representation of EHR hierarchy processed by PC-LSTM

TABLE I: Measures and Results of Dickey-Fuller Test on
COVID-19 EHR Dataset

Results of Dickey-Fuller Test
Test Statistic -2.5842
p-value 0.0963
#Lags Used 7.0000
Number of Observations Used 4972.0000
Critical Value (1%) -3.4709
Critical Value (5%) -2.8793
Critical Value (10%) -2.5763

V. DISCUSSION

A. PC-LSTM versus MADI

MADI, a previous work done by the authors, was proposed
by Gurupur et. al as a method to analyze data incompleteness
in EHR systems [6]. PC-LSTM, however, not only analyzes
and builds off the existing work, but predicts where data may
be incomplete and allows for the user of the EHR system to
curb fields that may otherwise be left incomplete. PC-LSTM
also uses a different algorithm, where the main focus is in
RNNs and state models in the LSTM network. As a result,
PC-LSTM improves on the previous model in many different
ways while also leaving a similar foundation.

B. Limitations

Given the novelty and scope of the methodology, several
limitations were found during design and implementation.
The first limitation is that there were no similar methods
to utilize as a baseline for comparison, given the lack of
use of LSTM networks for EHRs and data incompleteness.
The second limitation the authors found is that the model is
not always able to process data that is mostly complete and
works best with a dataset that has many missing values.

VI. CONCLUSION

In this paper, we presented a methodology and proposed a
model to utilize the states of an LSTM network for predicting
where data may be incomplete in an EHR system. We
introduced our model, PC-LSTM, as a method to predict
and classify missing data. As a result, we demonstrated
that such a concept has the potential to assist medical
practices in predicting where their data may be incomplete,
allowing them to better target incomplete or missing medical
data. Our main contributions were the implementation of a
novel LSTM model and a methodology for solving the data
incompleteness problem. In the future, we are interested in
looking more into the topic of deep learning and seeing how
it can be applied to further predicting data incompleteness.
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